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ABSTRACT 
Knowledge advancement in artificial intelligence and blockchain technologies provides new 
potential predictive reliability for biomass energy value chain. However, for the prediction 
approach against experimental methodology, the prediction accuracy is expected to be high in order 
to develop a high fidelity and robust software which can serve as a tool in the decision making 
process. The global standards related to classification methods and energetic properties of biomass 
are still evolving given different observation and results which have been reported in the literature. 
Apart from these, there is a need for a holistic understanding of the effect of particle sizes and 
geospatial factors on the physicochemical properties of biomass to increase the uptake of bioenergy. 
Therefore, this research carried out an experimental investigation of some selected bioresources 
and also develops high-fidelity models built on artificial intelligence capability to accurately 
classify the biomass feedstocks, predict the main elemental composition (Carbon, Hydrogen, and 
Oxygen) on dry basis and the Heating value in (MJ/kg) of biomass.  
For the classification model, the study applied the  𝑘-Nearest Neighbour (𝑘-NN) and RUSBoost 
model to classify biomass based on their energetic properties. For 𝑘-NN, four (4) different values 
of 𝑘 (𝑘 ൌ 1, 2,3,4) were investigated for various self normalizing distance functions (Minkowski, 
Euclidean, Manhattan, Mahalanobis) and their results compared for effectiveness and efficiency in 
order to determine the optimal model. The 𝑘-NN model based on Mahalanobis distance function 
revealed a great accuracy at 𝑘 ൌ 3 with Root Mean Squared Error (RMSE), Accuracy, Error, 
Sensitivity, Specificity, False positive rate, Kappa statistics and Computation time (in seconds) of 
1.42, 0.703, 0.297, 0.580, 0.953, 0.047, 0.622, and 4.7 respectively. Also, the main objective of 
RUSBoost is to optimally predict the classes; therefore, this study only focuses on the RUSBoost 
algorithm while analysing its performance in predicting the classes.  It was observed that the overall 
accuracy of 𝑘-NN (0.703) and computation time (4.7secs) were better than RUSBoost (0.65) and 
(12.4secs) respectively. However, RUSBoost was more sensitive to skewed data than 𝑘-NN. 
Furthermore, a hybrid model comprising of adaptive neuro-fuzzy inference system (ANFIS) and 
particle swarm optimization (PSO) called PSO-ANFIS and genetic algorithms (GA) called GA-
ANFIS model were used to predict the elemental composition of biomass and other non-collinear 
parameters that improve the prediction accuracy were also investigated. These hybrid models were 
trained with 581 biomass data and further tested with a new 249 biomass data. The Carbon, 
Hydrogen, and Oxygen contents of solid biomass were predicted based on the ash content (Ash), 
viii 
 
fixed carbon (FC), volatile matter (VM) as the inputs. The models were evaluated based on some 
known performance criteria. In overall, PSO-ANFIS model performed optimally than GA-ANFIS 
with a Root Mean Squared Error (RMSE), Mean Absolute Deviation (MAD), Mean Absolute 
Percentage Error (MAPE), Log of Accuracy ratio (LAR), Coefficient of Correlation (CC), Mean 
Absolute Error (MAE) value of 3.5816, 2.3279, 4.8521,0.0012, 0.9329, 0.0227 at computation time 
(CT) of 47.04 secs for Carbon (C); 0.6383, 0.4047, 10.2187,0.002, 0.7986, 0.0261 at CT of 35.2 
secs for Hydrogen (H); and 4.2042, 2.7417, 10.7612,0.0016, 0.9137 at CT of 28.16 secs for Oxygen 
(O) respectively.  
Moreover, a PSO-ANFIS model was developed for the prediction of high heating value of 
municipal solid waste as a function of moisture content, carbon, hydrogen, oxygen, nitrogen, 
sulphur, and ash. A total of 123 experimental data were extracted from reliable database for training, 
testing, and validation of the model. The predicted High Heating Value was compared with the 
experimental data and with some correlation from the literature. The accuracy of the model was 
reported based on some known performance criteria. The values of Root Mean Squared Error 
(RMSE), Mean Absolute Percentage Error (MAPE), and Coefficient of Correlation (CC) were 
3.6277, 22.6202, 0.8673 respectively at computation time (CT) of 36.96 secs. 
Finally, various experimental analyses were carried out to investigate the effect of particle sizes and 
geospatial location on the physicochemical properties, thermal behaviour and emission reduction 
potential of corn cob and tropical almond. Among other results, the activation energy, compensation 
factor as well as the emission reduction potential were reported for blended tropical almonds.  
It can be concluded that the implementation of the developed models can serve as a tool for the 
classification of biomass and the prediction of energetic properties of biomass and municipal solid 
waste. This will ensure rapid feasibility assessment of any biomass for energy generation process 
while fast-tracking the decision-making process in order to improve the uptake of bioresources in 
energy generation.  
 
Keywords: ANFIS, Artificial Intelligence, Bioenergy, Biomass classification, Elemental 
composition, Emission reduction, Genetic algorithms, Heating value,  𝑘 -NN classifier, Particle 
swarm Optimisation, Energetic properties, Proximate analysis, RUSBoost, Thermal behaviour, 
Ultimate analysis. 
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Glossary of terms 
Adaptive network-based fuzzy inference system (ANFIS): It is a kind of artificial neural network 
that is based on Takagi-Sugeno fuzzy inference system. 
Ash content: Ash content is the incombustible component which remains after combustion. 
Biotechonomy: It refers to the economic activity which involves the use of biotechnology in the 
production of bio-based goods and services or energy, with biomass as the reference resource. 
This term is intimately related to the revolution of biotechnology industry and the ability to study, 
understand and manipulate genetic materials made possible by scientific research and 
innovation.  
Blockchain technologies: It is a decentralized, distributed and oftentimes public, digital ledger that 
is used to record transactions across many computing systems such that the involved record is not 
easily retroactively alterable without consequential alteration of the successive blocks. It is 
managed autonomously through the application of peer-to-peer network and distributed 
timestamping server. 
Crystal size: It is defined as the size of a single crystal within a polycrystalline solid. It is usually 
measured from X-ray diffraction patterns. 
Fixed carbon: It is the solid combustible residue that is left after biomass particle is heated and 
volatile matter expelled. 
Fourth Industrial Revolution (4IR): It can be described as the advent of cyber-physical systems 
which involves entirely new human and machine capabilities. It represents a paradigm shift in 
human-machine interaction with fuzzy layer between the physical, digital and biological systems. 
It is also a fusion of advances in Artificial intelligence, robotics, Internet of Things (IoT), 3D 
printing, genetic engineering, quantum computing and other technologies.  
Functional group: It is a group of atoms which account for the characteristic reactions of a class 
of compound in which the group occurs. It is a recognisable portion of molecules that is responsible 
for characteristic chemical reactions of that molecule. 
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Genetic Algorithm: It is a search heuristic that is inspired by the theory of natural evolution which 
reflect the process of natural selection where the fittest member of the population is selected for the 
reproduction of offspring of the next generation. 
Greenhouse gas (GHG): It is a gas that absorbs and emits radiant energy back to the earth surface 
within infrared range and by so doing contributing to the greenhouse effect. 
Heating value: It is the amount of energy per unit mass, produced through complete combustion 
of fuel. It can be expressed by high heating value (HHV) and low heating value (LHV). LHV does 
not take cognisance of the latent heat of evaporation of water in the combustion products since the 
combusted material is only returned to the combustion temperature of the products and not room 
temperature as in HHV.  
International Energy Agency (IEA): It is a Paris-based autonomous intergovernmental 
organisation established based on the organisation for Economic cooperation and development 
framework. 
Internet of Things (IoT): It can be described as a system of interrelated computing devices, 
mechanical and digital machines, objects, animal or people with unique identifiers and the capacity 
to transfer data over a network without human-human or human-computer interface.  
Mboe/d: It is an abbreviation which stands for “Thousand Barrels of Oil Equivalent per day” 
Mtoe: It is an abbreviation which stands for “Millions of tonnes of oil equivalent” and it is a unit 
of energy used to describe the energy content of all fuel mostly on an industrial scale. It is equivalent 
to 41.868 petajoules.  
Particle swarm Optimisation (PSO): It is a population oriented stochastic optimisation method 
which is inspired by social behaviour of birds flocking or fish schooling. 
Renewable energy (RE): It is the kind of energy collected from the sources that do not deplete or 
can be naturally replenished within the human timescale.  
RUSBoost: It is an algorithm used to handle class skewness problem in data with individually 
separated and distinct class labels. It is a permutation of random under-sampling (RUS) and the 
standard Adaboost focused on improving the minority class.   
xvi 
 
Specific surface area: It can be described as the as a property of solid which is defined as the total 
surface area of material per unit mass or solid or bulk volume.  
Sustainable Development Goal (SDG): It is a collection of 17 global goals with 169 targets 
designed to achieve a better and more sustainable future for all.  
Thematic Investment Platform (TIP): Thematic investment is a top-down approach to investment 
with a focus on wider macroeconomic themes such that a funder can be employed to identify the 
strong companies. It creates impact by expediting the investments in areas of policy focus with high 
risk.  
United Nations (UN): This is an intergovernmental organisation focused on the maintenance of 
international peace and security, develop a mutual relationship among nations while achieving 
international cooperation. This organisation was established on 24 October 1945 at San Francisco, 
California, United States.  
Volatile matters: It is a moisture-free component of biomass which are liberated at high 
temperature in the absence of air.  It does not represent any particular compound, but it is mostly 
composed of volatile hydrocarbons and gases such as CO and CO2.  
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CHAPTER ONE 
INTRODUCTION 
1.0. Background of the study 
The exploration of renewable energy (RE) resources promises to significantly improve with the 
advent of the fourth industrial revolution (4IR). Beyond mechanization, mass production, and 
automation; data analytics, Internet of Things (IoT), cloud computing, cyber-physical systems will 
have a tremendous effect on all types of renewable energy. Also, 4IR will proffer a novel way of 
dealing with major global challenges which include climate change, economic stagnation and 
digital divide. The creation of cyber-physical systems offer improved utilization of renewable 
energy, reduce carbon emissions, optimize energy use, and ultimately engender cost savings on an 
unprecedented scale [1]. The renewable energy transition and industry 4.0 share vital features which 
could be interlinked in pursuit of the sustainable energy transition.  For example, both are greatly 
influenced by technological innovation, new suitable infrastructure and regulatory environment 
which can engender the formulation of enabling business model [1]. 
The renewable energy drive is skyrocketing giving the exponential growth in global population, the 
damaging consequences of climate change, and dwindling fossil fuel resources which can no longer 
meet the global energy needs, therefore there is an increasing quest for green and clean energy [2-
10]. By 2017, fossil fuel contributed 79.5% to the final total energy demand across the globe, 
therefore, all economic sectors are tasked to evolve green and clean strategies in support of 
environmentally friendly production and resources utilization to halt further damages to our planet. 
Among other impacts, involving the fourth industrial revolution in renewable energy exploration 
will allow more intelligent use of energy, more sustainable energy manufacturing and 
decentralization of renewable energy distribution, and characterization through blockchain 
technologies. In term of impact, 4IR is linked with diverse phenomena which include; Artificial 
Intelligence, robotics, 3D design and printing, cryptocurrency and blockchain technologies. Figure 
1.1 shows the interrelationship between the elements of 4IR and renewable energy. It is 
abundantly clear that the progress and successful exploration of RE is intertwined with the 
valorization of big data, IoT, blockchain technologies and enabling regulatory environment. 
Succinctly put, a vast amount of data which are currently generated from the operation of RE can 
engender the innovative conversion technologies in an enabling regulatory environment. 
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Figure 1.1: Linking Ind. 4.0 to renewable energy 
Under the Paris climate agreement [11, 12], countries are tasked to devise more progressive climate 
change mitigation and adaptation plan, however many countries are still struggling to meet the 
present target while the global greenhouse gas (GHG) emission is dancing on the brink. In the year 
2019, more than 60 world leaders under United Nations (UN) umbrella took their turn to talk about 
their renewed fight against GHG emissions at the UN climate action summit [13]. Several countries 
pledged to rapidly increase their clean energy uptake and phase out fossil fuel power plants while 
the wealthy countries pledged to assist the countries experiencing the severe consequences of 
climate change. There is fund flow from the international community which has reached $18.6 
billion in 2016 in support of clean and renewable energy in developing countries [14], also there is 
a devolution of financial instruments by world bank and some investors from fossil fuel exploration 
to encourage clean energy revolution and climate change mitigation [15]. Currently, the big three 
largest GHG emitters are China, the US and India. India pledged to increase its RE production from 
present 175GW to 450GW by 2022 at the UN Climate action summit, though China did not make 
any concrete pledge to achieve 2 0C target [13]. The USA President Donald Trump has concluded 
the plan to terminate US donations to the green climate fund and to also pull out from Paris climate 
agreement. Among others, the prominent reason cited was the fact that they are not the major 
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contributor to greenhouse gas (GHG) emission, therefore they should not be contributing so much 
to mitigating the damages caused by other countries [16]. The President of the USA further declared 
his contempt for climate science calling it a “hoax”, and “Job killer” [13, 16]. Unfortunately, living 
in denial of this stark reality will never pacify the climate which has already been decimated by 
GHG emission of which most part is due to the big three (China, USA and India); only a concerted 
effort can save our planet from the brink of imminent collapse.While the future energy mix which 
would provide the needed RE is a nexus of sources, biomass fuel promises to play a significant role 
given the fact that it is the only renewable resource which can be directly converted to liquid fuel 
consumed in several industrial sectors. Moreover, in September 2015, the General Assembly of the 
United Nations (UN) adopted the 2030 Sustainable Development Goals (SGDs). The new agenda 
focuses on inclusive development and highlights a holistic approach to sustainable development for 
all [17]. The 17 goals of SDGs 2030 have 169 targets, which are aimed at socio-economic and 
environmental sustainability [18]. Among other conclusions, energy is the fulcrum on which the 
achievement of SDGs are hinged and most countries are greatly depending on it since it engenders 
stability and economic growth of the society [19]. Goals 7, 9, 12 and 13 of the SDGs significantly 
discuss the need for alternative energy [17]. Goal 7 of SDG 2030 is premised on ensuring access to 
affordable, reliable, sustainable and modern energy for all; while goal 13 emphasizes the imperative 
of urgent action to combat climate change [7, 14, 20, 21].  It can be inferred that inclusive avoidable, 
dependable, sustainable and modern energy, means that the energy is available in various forms 
(liquid, solid, gases) used in different sectors of the economy. This is where the overarching benefits 
of biomass are highlighted. For instance, there is no evidence yet to prove that wind energy can 
directly replace the aviation fuel, while the intermittency and uncertainties related to solar energy 
may not position it as the immediate substitute, though with the advance in research and 
technologies, we cannot rule out such in the future.  
Biomass is positioned as the main entry point by which substantial renewable energy generation 
can be sustainably accomplished in order to ensure inclusive energy access. This would certainly 
lead to action against climate change and its effects since the energy production from fossil fuel 
continue to raise environmental concerns [22-24]. Biomass can be described as an organic 
substances sourced from plant and animal through a spontaneous or induced biological process. 
The recent description of biomass includes the municipal solid waste (MSW) since several wastes 
found in the municipalities fall under this category. Biomass has been identified as the only natural 
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substitute for fossil fuel, both in terms of carbon content and the amount available [25]. In 2013 and 
2016, 462 TWh and 500 TWh of electricity were respectively generated globally from biomass [26, 
27]. Since then, global biomass-based fuel consumption has been on the rise, and this trend 
promises to continue as long as foremost concerns associated to bioenergy application are addressed 
frontally. According to IEA latest market forecast [28], modern bioenergy will account for the 
highest growth in RE between 2018 and 2023, this further highlights the critical role of biomass in 
the development of robust RE portfolio. Figure 1.2, Figure 1.3, Figure 1.4, and Figure 1.5 show the 
modern biomass conversion plants. In Figure 1.2 and Figure 1.3, biomass is directly converted to 
electricity, while in Figure 1.4 and Figure 1.5 biomass is converted to liquid fuel.  
Figure 1.2: Asia's largest biomass power plant unveiled by Oman JV [29] 
Figure 1.3: UNIDO hands over biomass power plant to Ebonyi state, Nigeria [30] 
5 
Figure 1.4: Demonstration plant for commercial scale biorefinery projects [31] 
Figure 1.5: NREL integrated biorefinery research facility [32] 
Although the progress of solar PV and wind promises to persist in the electricity sector, bioenergy 
will still remain the highest source of RE given its potential and prevalent application in heat and 
transport sectors where the remaining renewables play minima role as at present.  Also, bioenergy 
can be a latent source for the provision of cost-effective and sustainable energy to the people in the 
developing countries which have been estimated to increase to around 90% of the world population 
[33, 34].  
An ample supply of biomass feedstock is globally available for conversion into biofuels. These 
include; agricultural crops, forestry products, algae, agricultural and silvicultural waste, certain 
animal waste, industrial waste and human waste and microalgae and macroalgae and genetical 
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organism [4, 22, 24, 35-40]. Dedicated energy crops such as sorghum and several varieties of 
grasses and Municipal Solid Waste (MSW) are also gaining consideration [41, 42]. Underexplored 
bio-potential in cement, sugar, ethanol industries are also enormous. The waste and residue offer 
low lifecycle GHG emission and mitigates the global concerns around land-use change and food 
security with additional benefits of improving waste management and air quality. However, modern 
bioenergy is often underplayed and overlooked, yet bioenergy promises to continue its leading role 
in RE generation with enabling policy and rigorous sustainability regulations [28]. There will be a 
significant change in the way bioenergy is explored and deployed in the era of 4IR which shall lead 
to increase uptake of biofuel and conversion efficiency. These changes may include the followings: 
 There will be an improvement in the ways in which the feedstocks are converted to bioenergy
 Properties of biomass and bioprocesses can be modelled and predicted
 The decision-making process will be decentralized such that power generation can be matched
with load through smart electricity grid while predictive maintenance shall lead to cost saving
 Biofuel plant promises to become smart with improved efficiency and real-time process
optimization
1.1. Classification of Biomass conversion technologies 
Although the current industrial combined heat and power (CHP) plants majorly use natural gas, 
biomass is the second most applied source. Fuel, heat and CHP are the major products which have 
been popularly generated from biomass. These products can be achieved through different 
conversion processes which include; thermochemical, biological and chemical processes , though 
thermochemical conversion is the most prevalence for solid biomass conversion to energy [43]. 
Figure 1.6 shows how the biomass conversion technologies are classified.    
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Figure 1.6: Classification of biomass conversion technologies 
There are five thermochemical pathways through which biomass can be converted to heat and CHP. 
These are pyrolysis, hydrothermal processing, hydrolysis of sugar, gasification and combustion. 
Combustion is the dominant industrial process for heat production, but gasification technologies 
are already commercially available. Secondary CHP technologies are majorly based on steam 
cycles, though internal combustion engines (ICEs) and Stirling engines are making significant 
progress. The choice of combustion technologies depends on many considerations such as fuel 
characteristics, energy demand, cost and performance of technologies and legislation [43-45]. 
While some industrial process only needs low to medium heat which can be transferred through 
steam, some require high temperature heat.  Examples of high temperature combustion equipment 
can be found in pulp and paper industry [46], food, beverages and tobacco industry, non- ferrous 
metals [47] and so on [44]. CHP systems are commonly used in food processing and chemical 
industry.  
In a primary conversion process, conversion of biomass to CHP can be achieved through 
combustion and gasification technologies Although higher efficiency can be achieved for smaller 
electricity plant if gasification process is adopted [48], combustion still remain the main conversion 
route [49].  
In secondary conversion technologies, the product of combustion is either used directly as a 
working fluid (as in direct-fired gas turbines) or secondary fluid is used (as in steam turbines). The 
steam turbine is the most matured technology in combustion based biomass fired CHP plants which 
can operate economically from 1 MW to below 50MW [44, 50]. The typical efficiency of biomass 
based steam turbine is between 15-35% , though the research is ongoing on how the efficiency can 
be further improved [51]. Also, the Organic Rankine cycles (ORCs) which operate at lower 
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temperature than steam turbine is commercially available with better electrical efficiencies than 
steam turbines of the same capacities. ICEs are simpler and cheaper with better electric efficiencies 
(15-40%) [44] compared to steam turbine and Stirling engine, though the maintenance cost and 
NOx emissions are higher [52]. Stirling engines are more suitable for residential and commercial 
application because of their electricity output and heat to power ratio. 
1.2. Applications of biomass energy 
Biomass can be used in many forms for different application. Therefore, based on application, 
biomass can be classified as traditional or modern. 
I. The modern application involves clean, convenient, efficient, economical and
environmentally friendly use of biomass. The modern application ranges from simple to more
complex technologies and it is also associated with industrial application because it is relatively
large in scope. Also, most modern applications are stemmed from the waste generated by the
industries.  Figure 1.7 shows the current and potential areas of modern biomass applications.
Figure 1.7: Modern applications of biomass 
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The instances of modern biomass application include  [22, 53-55]; 
1. Biomass-based electricity generation
2. District heating
3. Industrial water and space heating
4. Production of charcoal as coal substitute in pig iron and steel production
5. Biofuel, whose application is currently experimented in aviation and applied in transportation
sectors. In 2017, road transportation consumed 1.8 mboe/day (in energy-equivalent volumes of
gasoline and diesel) of biofuel with projection indicating that biofuel product would have a role
to play in the aviation and shipping sector from 2025 with a consumption of 0.1 mboe /day [56].
In overall, biofuel will account for around 15% of total transport fuel demand by year 2040
(based on sustainable development scenario) [56]. Therefore, airlines, airports, finance
institutions, research institutions and indeed all the stakeholders are making spirited effort to
explore sustainable aviation and transportation pathways.
II. Traditional applications are relatively small with low efficiency and huge waste with notable
negative environmental impact. It involves application such as space heating or domestic cooking
and small cottage industries. For this purpose, wood is the commonly used biomass though many
other materials are used.  Also, wood stove has shown promised toward a more efficient cooking
or domestic heating. Currently, most biomass consumption on the globe is based on traditional
application with 42% (666 Mtoe) consumed in 2017. However, the traditional application of
biomass especially in the domestic space has a severe consequence. Serious health implication has
been reported with estimated 2.6 million premature deaths due to indoor pollution in the developing
countries [56]. This figure is greater than the number of death associated with the combination of
HIV/AIDS and malaria [57]. But it is not all gloom as the projection is optimistic with promises
that the traditional consumption will reduce to 5% (77 Mtoe) by year 2040 and modern application
will take the lead with the remaining 95%.
1.3. Biotechonomy and bioenergy production 
A new paradigm which combines the creation, development, revitalisation of the economy based 
on equilibrium use of bioresources has emerged. Bioenergy based economy may eventually be the 
way out for a global economy that is immensely dependent on fossil fuel despite the effect of 
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climate change and dwindling oil resources. In recent years, international trade in biofuels has 
increased with focus on wood pellets, biodiesel, ethanol [58]. Bioeconomy is the bridge between 
biotechnology, economy, science, industry and society, therefore a new acronym called 
“Biotechonomy” has rightly been used in describing this synergy. Biotechonomy can be defined as 
the economic activities which involve the exploitation and preservation of bioresources plus the 
associated knowledge, science, technology and innovation in order to provide useful information, 
products, processes and services across all the economic sectors with a focus on sustainability [59]. 
Given this definition, it is obvious that technology will provide a major anchor in sustainable 
bioenergy production and subsequently promote bioeconomy.  
In 1960 the world population was 3 billion, as of 2019 it has reached 7.7 billion  and it has been 
projected to increase to 9 billion by 2040 [57]. It is highly imperative to increase energy production 
for this emerging population through the development of bioeconomy.  Presently, biomass has been 
listed among global commodities.  Henry Ford has forecasted this scenario in the early 19th century 
when he hinted that the realization of a bio-based economy is a rational and essential choice we 
have to make in order to advance human civilization [60]. The oil boom was the reason why this 
advice was neglected since the oil was cheaper than other commodities.  
As of now, more than 50 countries which are mostly from Europe and international organisation 
across the globe are working on the policies and strategies to advance bioeconomy transition .   
An important aspect of bioeconomy is the understanding of mechanism and processes, with the 
application of such leading to improving industrial processes and production of novel energy. 
The evolution of bioeconomy is contingent upon three factors [59];  
1. Societal aspirations and opportunities of valorisation and protection of biological resources
which include residues from traditional bioeconomy main sector linked to agriculture, forestry,
fishery, water management, food and bioenergy.
2. Good governance for sustainable development and improved health and wellbeing
3. Discovery in science related to biology, digital and other technology fields, which is expanding
the borderline of innovation.
It is pertinent to note that the role of technology innovation in bioeconomy development is well 
recognized unlike in the previous year. In term of the economic prosperity, biomaterials could play 
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a key role since it can replace fossil fuels on a large scale in several applications in energy, chemical 
and materials sectors. An economy based on biomass is very promising and sustainable. Such is the 
view of European Commission who has come up with economic policies based on biomass. As of 
2011, European Commission (EU) has set a long-term goal to develop a competitive, resource-
efficient and low carbon economy by 2050 which is significantly built on bioresources [24, 61]. 
From different scenarios that were painted, it was indicated that a cost-effective economic pathway 
demands a 40% household decrease in GHG emissions by 2030 compared to 1990 level, with 
further decrease of 80% by 2050. The energy sector was identified as been a major driver in the 
attainment of the cost-effective economy [24, 61]. The low carbon technologies in the electricity 
mix were projected to increase from 45% to 60% in 2020, and 75% to 80% in 2030 [61]. In 2012, 
about 141 TWh electricity, around 3.0EJ heat and about 565PJ of biofuels came from biomass [61]. 
Bioenergy production is expected to account for about 57% of the renewable energy use in 2020, 
of which 45% will consist of heat and electricity production from biomass.  
Building on the previous development, the EU bioeconomy strategy was updated in 2018 and most 
of the recommendations from 2017 reviews were incorporated [62]. The goals which were 
considered as the major players in the improvement of bioeconomy are Job creation, Climate 
mitigation and a future built on carbon neutrality, a renewed and energized EU industry-based 
modernized primary production, and healthy ecosystems with enhanced biodiversity. The 
attainment of the EU bioeconomy goals was premised on three action plans. These are as listed 
below [62]; 
1. Energizing and upscaling bio-based sectors through Thematic Investment Platform (TIP).
2. Fastracking bioeconomy across Europe through strategic deployment of sustainable systems.
3. Monitoring the progress in order to understand the limitation to bioeconomy and establish the
safe limits dictated by ecology.
Among all the action plans, Aguilar et al. [62] appraised the third action plan as the most profound 
change which can trigger discussion and new global initiative. 
In terms of employment opportunities, bioresources have the potential to employ thousands of 
people along the entire value chain.  In 2015, the bioeconomy market was estimated at around £2.4 
billion with about 2 billion tonnes of bioresources used in bioenergy production leading to the 
employment of 22 million people across the value chain [61]. In 2017, around  217,000 jobs were 
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supported by the biofuels and electricity from bioresources across various industries in the US [63]. 
Some major factors drive interest in bioenergy on the basis of political considerations: rising energy 
prices, energy security, rural development, in addition to the effects of climate change [64]. In 
developing countries, bioenergy presents real-time prospects for industrial revolution in the 
direction of economic progress given its abundance from numerous sources [65]. Ultimately, the 
transition towards biotechonomy will substantially rely on advancement in technology with an 
increase in the application of AI in exploration of biomass toward bioenergy production. Interested 
readers may find refs ([59, 61, 62, 66-70]) useful for additional information. 
1.4. Modern bioenergy and climate change 
Global climate change is majorly due to anthropogenic activities which are designed to address the 
increasing energy demand, though this increasing generation and consumption have caused 
imminent hazard called global warming. A section of SDG 3 and SDG 13 set an objective to reduce 
the impact of air pollution and tackle the climate change respectively while SDG 7 is premised on 
the need for universal energy access for all [17], in order to eradicate poverty and reduce inequalities 
in the society. Yet energy, whose access must be made universal is the main source of air pollution 
around the globe, and it is the foremost source of GHG emissions[71]. For several years, energy 
generation has been through fossil fuel, but with the dwindling oil resources across the globe, the 
narration is changing. 
Among several renewable energy resources which have shown promises, bioenergy is outstanding 
given the fact that it is the only renewable that can be converted to liquid fuel [72]. The risk 
associated with climate change is more endemic in developing countries due to lower capacity to 
adapt and not due to resources scarcity as has been posited by an author [73] since several 
investigations have shown that most developing countries are rich in natural resources but lack 
capacity to explore them [2, 22, 73-75].  As of 2017, half of the population living in the developing 
countries estimated at 2.7 billion largely rely on biomass, coal, kerosene for their household cooking 
[56]. Apart from the catastrophic health implication of using these fuels, productivity is limited due 
to the non-availability of modern fuel.  The unfolding event and several incidences of global natural 
disaster have shown that global warming is rather a reality and not just mirth that we can wish away 
[76]. A search through the database of Elsevier from January 1995-Novemeber 2018 showed that 
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climate change was mentioned actively in 193,884 articles which cut across several Journals. This 
further confirms the level of awareness among the stakeholders regarding climate change.  By 2030, 
global warming will reach the decisive pre-industrial threshold of 1.5 0C [77]. By implication, the 
global net emission of CO2 will be required to fall by 45% from 2010 levels by 2030 [78].   There 
is a technical possibility of achieving this target. However, it demands a holistic and wholesale 
change in energy consumption across the economic sectors [77]. The European Union, EU has 
already taken a proactive step by directing more efforts towards sourcing of green materials for 
various bio-products and bioenergy  while other countries are making spirited effort in their drive 
toward clean energy [1, 2, 21]. 
Interestingly, there is a vast amount of biomass resources which could possibly satisfy the 
increasing demand for green products.  Biomass is the oldest renewable energy which has been 
consumed in the history of mankind. It has the capacity to substantially condense the over-
dependence on fossil fuel [79] and promote the production of sundry industrial-scale value-added 
product which have found their way to international markets [80]. The contribution of modern 
bioenergy to final energy demand across all sectors is five times more than what is contributed by 
the combination of wind and solar PV, even if the traditional use of biomass is excluded [27]. 
Modern bioenergy is also used in space and water heating while liquid biofuel has been applied to 
decarbonise the transportation sector which is still majorly dependent on fossil fuel [27]. Also, as 
shown in Figure 1.8, modern bioenergy contributes 50% to the renewable energy pool in 
2017  and will maintain its leading role in renewables. 
Figure 1.8: Total final energy consumption  from renewables as of 2017 [81] 
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However, there is doubt in some quarters regarding the sustainability and environmental 
friendliness of biomass. While this current thesis does not intend to dig further to negate various 
misconceptions around bioenergy, water-food-land use nexus, the literature is inundated with 
different theories which rather point to strategic resources management and not biofuel as the threat 
to water and food production [82-86]. The emerging consensus seems to indicate that the potential 
impact of modern bioenergy production is not as severe as originally touted.  The research student 
agrees with the authors which have suggested that the modern application of biomass rather than 
tradition application is the keyway to GHG mitigation [27, 87-91]. Also, regarding food-fuel debate, 
much of the critics of bioenergy are rather focussing on first generation feedstocks suck as forest 
wood, without taking cognizance of second to fourth generation biofuels [92, 93]. More so, in some 
other countries like Brazil, biofuel production is been accompanied by increasing food production 
[91]. From these instances, the emphasis should rather be on the relative resource management of 
a particular location and not wholesale pessimism which is bedevilling the advancement of 
bioenergy. It is heart-warming to note that modern bioenergy consumption has been on an 
increasing trajectory, with electricity taking the lead as at 2015 [27] (Figure 1.9) while there is an 
increase in uptake of biofuel in the transportation sector that same year. 
Figure 1.9: Modern bioenergy growth by sector, 2008-2015 [27] 
The next generation of biofuels also known as advanced biofuel should have the essential 
constituent of a liquid bio-hydrocarbons which are functionally comparable to petroleum fuels and 
0
50
100
150
200
2008 2009 2010 2011 2012 2013 2014 2015 2016
Se
ct
or
 g
ro
w
th
( I
nd
ex
ed
 2
00
8=
10
0)
Electricity Heat Transport
15 
 
well suited to the current infrastructures so as to avoid the cost of new ones. Going forward, policy 
support is required to reach the bioenergy and climate targets in a secure and sustainable manner. 
1.5. Generational evolution of biofuel: 1st generation to 4th generation 
As a result of fossil fuel combustion and farming activities, CO2 ( which is the main culprit in ozone 
depletion) levels increased to around 25% between 1850 and 1989, the immediate suggestion to 
solve the problem was the development of a new biofuel generation [94]. Even since then, biofuels 
have progressed from first to fourth generation, though the current use still cut across all the 
generations. Biofuel can be classified into first, second, third, and fourth generation based on the 
origin and production technology. Each generation has its sources, benefits and shortcomings [66, 
93, 95, 96]. These are discussed below in Table 1.1. 
   
Table 1.1: Generations of biofuels 
Generation Sources Limitation Benefits 
1st  
Agricultural products e.g.  
Corn, Sugarcane, Soybean,  
Potatoes, Cassava, Potatoes,  
Oilseed, Jatropha,  
Animal fat and manure. 
Land intensive with consequences o
human and animal food production. 
Low biofuel yield. 
Unsustainable and expensive feedstock. 
Simple process as in the production 
of ethanol. 
 
2nd  
Agricultural residue and  
MSW. e.g. Cellulosic biomass, 
 Non-edible plants parts, Straw,  
Manure, used Cooking oil,  
Sawdust, Garbage. 
Not industrially profitable due to  
costly processing required. 
Seasonal nature of residues. 
More complex conversion process. 
Sourced from non-food. 
Lesser price of feedstock compared 
to first, second and third generation.
 
 
3rd  
Microorganism e.g. Yeast,  
Fungi, Bacteria, Microalgae.  
   
High production cost. 
Not yet proven to be  
economically sustainable. 
Large water requirement and 
Expensive dewatering process. 
Addressed the weaknesses of first 
 and second-generation biofuels. 
High yield and high growth rate. 
Short harvesting cycle. 
Does not depend on the quality  
agricultural land. 
4th  
Genetically modified  
microorganisms and  
other organisms 
Expensive harvesting process which 
 utilizes biological, chemical  
and mechanical approach. 
Possible optimal output product  
utilization. 
It has not fully matured. 
Can be scaled up at a lower cost. 
Higher yield compared to third  
generation. 
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Eventually, the future of bioenergy regarding sustainability will not solely depend on a single 
generation of bioenergy, but an amalgamation of four generations of biofuels which may also 
include the generation(s) that will emerge. The fourth generation of biofuel may not be the last, 
given the pace of development and advancement in scientific knowledge. 
1.6. Characterisation of energetic properties of biomass 
The knowledge of the essential features of the biomass is largely required for any successful 
conversion process. Generally, the density, pore sizes, ash content, fixed carbon, volatile matters, 
specific surface area, functional group, crystal size and heating value are among several properties 
of biomass whose understanding are needed in the conversion of biomass to biofuels. While all the 
properties are required to different extent, the authors are often constrained to select the ones for 
which they can afford the equipment. Broadly speaking, the following characterisation methods 
have been applied to determine the energetic parameters of biomass; elemental analysis, proximate 
analysis, thermal analysis, structural analysis, surface properties and morphological analysis using 
Brunauer Emmett and Teller (BET) and scanning electron microscope (SEM), crystal phase 
analysis and heating value. Among the most investigated energetic parameters of biomass are the 
elemental composition and the proximate properties [24, 97].  
Elemental composition of biomass is a significant property which determines the energy content 
and in effect the clean and efficient use of the biomass materials [23, 98]. Among other effects, the 
carbon C, hydrogen content H, oxygen content O, and other elements in traces [35-37, 99] 
determines the emission and corrosion of conversion equipment. While the elemental composition 
is one of the most important properties for biomass utilization, the biomass heating value is required 
in order to accurately determine their economic worth in energy generation. Furthermore, to 
determine the conversion efficiency through various conversion pathways of biomass to energy and 
to also analyse and design bioenergy systems, the energy content must be known [100, 101]. The 
heating value can be categorized into; low heating value (LHV), and high heating value (HHV) 
[102]. The elemental composition of biomass can be determined through ultimate analysis while 
the heating value can be determined through both ultimate and proximate analysis. Also, the data 
obtained from the ultimate and proximate analysis can be used to determine the heating values and 
elemental composition through some established correlations. Although the efficacy of these 
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methods depends on the versatility of the correlation and the coverage of the dataset used in its 
development.  Interested readers can refer to the refs ([40, 99, 103-110]) for further reading.  
The ultimate analysis requires special instrumentation operated by experienced personnel (which 
may be a disadvantage in this era of artificial intelligence since the world is more inclined to time-
efficient characterization process), while proximate analysis (which is easy, simple, quick and at 
relatively low cost) can be done easily using common equipment such as a furnace which may not 
necessarily require high level of experience [101, 103]. The thermal analysis provides the 
information about the thermal properties of biomass which include, specific heat [111-113], kinetic 
properties [114-125], and thermodynamic properties [114, 117, 118, 123, 126]. The kinetic and 
thermodynamic parameters of biomass are determined by using mathematical models or by various 
iso-conversion methods [114, 117, 123, 127]. FTIR has been discussed by refs ([118, 128-132]), 
while surface morphology and specific surface properties have been discussed by refs ([102, 133, 
134]). These properties have been discussed in various publications or manuscripts co-authored by 
this research student ( See chapter 2 and chapter 3). 
1.7. Artificial Intelligence in bioenergy advancement 
Currently, Artificial Intelligence, AI is fast transforming the approach of many industries to product 
and service delivery which include energy provision. The term AI has been applied to computer 
systems and applications which can perform tasks more advanced than basic programming. AI has 
been used to provide innovative ways of solving design issues which allow designers to get an 
almost instantaneous expert opinion on the effect of a proposed change in design. In the past few 
years, AI techniques have been increasingly employed in different areas [135-138]. AI has been 
used in forecasting, control, robotics, pattern recognition, classification, and optimization across 
different disciplines [135, 139].  AI consists of expert systems, artificial neural networks (ANN), 
genetic algorithms, fuzzy logic and hybrid systems. Expert systems (ES) are logical programs which 
allow computers to "make decisions" by interpreting data and selecting from among alternatives.  
This technique allows for the study of complex systems without any knowledge of the exact 
relations governing their operation. Among other benefits, they are able to handle noisy and 
imbalance data which are the characteristic of most biomass data, and once trained, they can 
perform complex tasks. Expert systems take computers a step beyond direct programming, being 
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situated on the rule-based inference method, in which pre-existing rule systems are used to process 
the data. In the next few years, research will advance further on intelligent characterisation of 
biomass heating value, elemental properties and other energetic properties while improving the net 
process efficiency of biomass conversion, and concurrently developing cost-effective technologies 
for novel biofuels production.  In all these, AI will have roles to play. Regarding the biofuel 
production, the scope of AI will advance in: Biomass supply chain management, Optimization of 
biofuel production, Biomass resources classification, and characterisation of biomass energetic 
properties. These scopes of AI intervention are briefly discussed below: 
1.7.1. Artificial Intelligence and Biomass supply chain management 
Achieving sustainable fuel generation means: producing fuels from raw materials that are locally 
sourced to avoid long-distance transport; ensuring that the production process does not burden the 
land and consume so much water [72]. However, discontinuous availability, spatial and uneven 
distribution of bioresources and logistics cost are still impeding the viability and advancement of 
biomass for large scale production or commercialisation [140]. High logistic cost of biomass can 
hamper market access and stifle fair competition with other renewable energy resources. In all of 
this, the further role for bioenergy depends on the resolution of convoluted issues among which is 
the cost of biomass supply chain. The supply chain can be defined as a system flow from raw 
product to the final product which is delivered to the customer. These systems include the people, 
participating institutions, and the transportation process. Supply chain management encompasses 
the planning and management of all events related to supply of biomass including the coordination 
and collaboration of channel partners such as suppliers, intermediaries, third-party service providers 
and customers [84]. 
The handling and hauling of biomass from the source to the processing facility carries different 
economic, energetic and environmental implication [83, 141]. Also the efficiency of biomass supply 
chain is further plagued by uncertainties associated with transportation, production , operation, 
demand, and price [84, 142]. De Meyer et al. [141], rightly suggested optimisation as the way to 
address this multidimensional issues associated with biomass supply chain. In reference to biomass 
supply chain, optimisation means; to choose highly productive generation of biomass, coordinate 
the transportation , pre-treatment, and storage at different decision making level, apply the most 
efficient conversion technologies in term of cost and environmental impact [141]. Decisions are 
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taken at strategic, tactical and operational levels of biomass supply, though Acuna et al. [84, 141] 
observed that most decision support for biomass supply chain only focussed on tactical and strategic 
levels rather than operation level. Strategic decision-making describes long term engagement which 
is usually capital intensive and subject to revision after several years. This decision at this level 
may include biomass sourcing and procurement, allocation of biomass between the facilities, 
storage location and capacity, conversion technologies and so on [142, 143]. The tactical decision 
level deals with mid-term planning related to inventories and logistics which may be between 6-
months to one year based on the established strategic decision [142, 143]. Lastly, operation decision 
level addresses short term decision contingent upon tactical decisions with focus on inventory 
planning, vehicle planning and scheduling to ensure an efficient operation of the plants and 
processes [143]. 
The modelling approach which has been applied in biomass supply chain can be classified into 
three; mathematical programming, multi-criteria decision making model, and heuristic, 
metaheuristic and approximation algorithms (HMA) [83, 144]. AI can help in dealing with complex 
interdependent entities associated with biomass supply chain. Several heuristic approaches have 
been applied to determine the satisfactory decision variables, though this may not be the optimal 
solution. Several heuristic, metaheuristic and approximation algorithms (HMA) which include; 
genetic algorithm (GA), particle swarm optimisation (PSO) and binary honey bee foraging (BHBF) 
has been applied, Simulated annealing (SA), Tabu search (TS) [84, 143-145]. Interested readers 
may refer to the cited articles for further reading. 
Acuna et al. [84, 141] observed that most decision support for biomass supply chain only focussed 
on tactical and strategic levels rather than operation level. They further proposed the use of aerial 
unmanned vehicles (LIDAR) and improved geospatial tracking in order to improve data used in 
model optimisation. They also suggested a robust multi objective decision support systems (MDSS) 
in order to account for the increasing constraints due to the amount of data available as the inputs. 
This also follow the most recent conclusion of Aalto et al. [146] which suggested a combined 
modelling technique that offers a promising potential for accommodating more variables which can 
lead to an improved result with benefits to the researcher, decision makers and operation.  
In summary, there is need for further investigation of various optimisation technique applicable at 
the operation decision level of biomass supply chain.  Since there is a possibility that the strategies 
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may not have taken cognizance of the emerging and unforeseeable challenges in supply chain 
operations. 
1.7.2. Bioenergy conversion modelling and optimisation  
As it has been previously highlighted, there are several processes through which biomass can be 
converted to fuel. Each process has parameters which determine the quality and yield of the biofuel. 
Optimisation is defined as a procedure whereby various solutions are executed iteratively until the 
optimum or satisfactory solution is achieved. Modelling and optimisation of bioenergy production 
processes is meant to improve the knowledge of process inputs for optimum yield and production. 
It has been reported that modelling and optimisation can enhance biofuel yield [147, 148]. Various 
mathematical models, and heuristic and meta-heuristic models have been applied in the modelling 
and optimisation of bioenergy production process. For instance, the optimal temperature and light 
for biohydrogen production and cyanobacteria growth was investigated by Zhang et al. [149]  using 
two dynamic model based on Aiba equation while same authors also investigate the effect of 
operation parameters such as concentration, and time on the hydrogen yield and glycerol conversion 
efficiency of Rhodopseudomonas palustric. Also, the optimal yield, heating time and the extraction 
time was modelled for Scenedesmus quadricauda lipid extraction using microwave pre-treatment 
method and response surface methodology. 
Modelling and optimisation of bioprocesses using AI hold several promises. AI considers the 
interactive effect of various parameters on the process and can accommodate several input 
parameter to predict an output or several outputs. Also, AI is efficient for the development of 
multivariate non-linear bioprocess [147]. Among others, Particle Swarm Optimisation (PSO), 
Genetic algorithm (GA), Ant colony algorithm (ACO), Tabu search, Simulated Annealing and so 
on [150, 151] have been previously reported as viable optimisation algorithms for biofuel yield.  
Combination of two or more optimisation algorithms can improve the performance of the models. 
It is possible to combined GA, Tabu search and simulated annealing. In that case, the simulated 
annealing will improve the convergence of the genetic algorithms while Tabu search will further 
enhance the results that are obtained. 
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1.7.3. AI based models for the Classification of biomass data  
Several categories of biomass have been identified and deployed in energy production. The 
biomasses presented in the database vary from agricultural wastes (e.g. husk and corn straw) to 
forest residue (e.g. willow and oak wood) and municipal waste, MSW (e.g. sewage sludge, trashes, 
and dust). Most recently, the microorganisms such as algae and genetically modified organism were 
experimented in biofuel production [12, 69]. The inclusion of MSW in the classes is based on the 
understanding that a municipal biomass yearly yield is very significant and channeling such to 
energy production will promote environmental sustainability which is at the core of renewable 
resources drive. In view of this, it is an attractive option to overcome the inadequate energy 
production capacity which often characterized most of other natural energy resources. Using 
municipal biomass in the place of energy crops can save farming lands, ameliorate food scarcity 
and minimize the potential damages to biodiversity. Apart from the traditional classification of 
biomass feedstock [152], there is a need to evolve an intelligent approach which can support real 
time prediction of the classes to which a biomass feedstock belongs in order to fast-track utilization. 
Khan et al. [152] proposed biomass classification that is based on origin and properties. The detailed 
discussion can be found in refs ([40, 132, 153]). 
Data classification which has been found successful in several application should be applied to 
biomass classification [154]. Among other, Bayesian classifier, Ensemble classifier, Artificial Neural 
Network (ANN), k-Nearest Neighbour (𝑘-NN), Support Vector Machine, Error-correcting output codes 
(ECOC) and so on [155-157] have been ticked. An intelligent classification of biomass offers promises 
in analytical, operational and strategic decision-making. More so, the scientific understanding of 
the class to which a biomass belong will assist in the integration of resources. Biomass classification 
has been discussed by refs ([24, 37, 152, 158, 159], therefore interested readers may refer to these 
references for further reading. 
1.7.4. Artificial Intelligence and prediction of energetic properties 
It is possible to forecast the heating value and elemental compositions of biomass from their 
proximate analysis. From the summary of the studies on modelling of the heating value of various 
biomass-based materials using proximate analysis components as reported by Ebru Akkaya [160], 
most of the techniques studied up till the year 2000 are based on linear regression. However, the 
relationship between some proxanal, ultanal components and HHV value of biomass is non-linear 
22 
 
[3, 23, 161]. Therefore, the prediction based on linear regression-based models may be inadequate. 
In the articles which assessed both linear and nonlinear regression approaches to HHV and 
elemental composition prediction, nonlinear-based models gave better prediction results [99, 101, 
103, 162]. 
In the recent times, machine learning (ML) algorithms have displayed a promising capability to 
produce quality results [163-166]. This is basically due to its capacity to accurately predict linear 
and nonlinear relationships between variables due to its dynamic nature. Huang et al, (2008) used 
the artificial neural network (ANN) to create predictive models that can predict the heating value 
of straw samples for engineering applications. They established that the ANN model showed the 
highest performance efficiency among the other models which were evaluated. Also, Ghugare et al. 
[167] proposed novel artificial intelligence algorithms for the prediction of HHV of biomass. Their 
study revealed that the performance of HHV prediction model based on the genetic programming 
and neural network are repeatedly better than the existing linear and/or nonlinear counterparts. Also, 
Ghugare et al. [168] developed models which were used to predict the elemental composition (C, 
H, O) of biomass. Hosseinpour et al. [169, 170] used iterative network based fuzzy partial least 
square coupled with principal component analysis (PCA-INFPLS) while Akkaya used adaptive 
neuro fuzzy inference system, ANFIS to predict the heating value of biomass [160]. 
However, the vast advantages of AI have not been fully explored in biomass properties prediction. 
The gaps which have been identified in the classification of biomass resources and the energetic 
parameters (Heating value and elemental composition) form the basis of this research. Model 
development techniques, model assessment criteria, stages in model development, paradigm in 
machine learning and so on have been discussed in chapter 4 under the Application of AI in the 
prediction of thermal properties of biomass. 
1.8. Problem statement 
The deleterious consequences of unabated consumption of fossil fuel are too enormous to be 
ignored. Although opinions are divided in some areas regarding the sustainability of biomass, there 
is a consensus regarding the potential of modern bioenergy to revolutionize the renewable energy 
space and pacify the climate which is being  eroded by GHG emission. Most interestingly, there is 
abundant availability of biomass across the globe including Africa, but the continent is still without 
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sufficient electricity. Also, there is an agreement by the research community that biomass feedstock 
variabilities such as particle sizes and geospatial factors are the root cause of many technical 
challenges hampering the global commercialization of Integrated Biorefinery. 
In answering the questions of availability, variability and emission reduction potential, the 
understanding of the proximate and ultimate properties of biomasses and the feedstock 
classification is crucial in their selection in energy generation [171]. However, the experimental 
procedure such as ultimate analysis and determination of heating value require equipment that are 
highly sophisticated, exorbitant, alongside the need for stable electricity supply. The budget for 
research and the priority constraint limits what can be committed to single equipment. Due to this 
reason, researchers are forced to base their experimental analysis on few equipment whose cost they 
can afford or limit the number of experimental variables, which consequentially limit the depth of 
the information which can be obtained from such experiments. This is hampering a wholesale 
understanding of the energetic properties of biomass. On the contrary, proximate analysis can be 
easily carried out as it requires only a furnace which can be operated by less experienced operator.  
A few studies have recently investigated the predictions of either elemental composition or heating 
value using the proximate analysis. However, for the prediction approach against experimental 
methodology, the prediction accuracy is expected to be high in order to develop a high fidelity and 
robust software which can serve as a tool in decision making process. Also, the global standards 
related to classification methods and energetic properties of biomass are still evolving given 
different observation and results which have been reported for the same type of feedstock. This 
means that there are still some misconceptions surrounding the understanding of physicochemical 
properties and the classification of biomass resources.  
The advancing expertise in artificial intelligence is unravelling new potential prediction reliability 
for the renewable energy system and biomass cannot be discounted. It is not yet known if there are 
stand-alone open access model with high accuracy for biomass classification, prediction of 
elemental composition and heating value from the proximate analysis.  
Also, there is a need for holistic understanding of the effect of particle sizes and geospatial factors 
on the physicochemical properties of biomass, especially from Africa in order to increase the uptake 
of bioenergy. The gaps which has been identified above must be filled to further enhance rapid 
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feasibility assessment of biomass for energy generation purpose while also fastracking the decision-
making process. 
1.9. Motivation for research 
This research was motivated by recent advancement of knowledge in artificial intelligence courtesy 
of fourth industrial revolution, global drive toward clean energy in view of climate change, and the 
understanding that there are bioresources spatially dispersed around the globe. The biomass 
feedstock of Africa origin was focused in the experiment since most consumption is at traditional 
level, while several biomass databases from various countries across the globe was used in model 
development. Although, biomass has been traditionally consumed since the ancient time, the 
modern technologies will upscale the uptake if there is enough buy-in and intelligent ways of 
predicting the properties and the classes. The policy makers, the investors and other entities which 
are associated with biofuel production need to predict the properties of biomass and the classes 
without committing much resources at the onset. So, as a way to advance the understanding of 
biomass properties, intelligent tools for classification and properties prediction were developed, 
while the physicochemical properties of some selected biomass were investigated on the basis of 
sizes and geospatial distribution.  
1.10. Hypothesis Statement 
The overall objective of this research is to classify biomass feedstock, predict the HHV and 
elemental composition of biomass based on proximate analysis. It also includes the experimental 
investigation of physicochemical properties and kinetic behaviour of some biomass feedstocks 
which are available in Africa. Therefore, the following assumptions were made: 
 There is a relationship between the proximate constituents of biomass and the elemental 
composition. 
 There is a synergy between the proximate properties of biomass and the HHV. 
 The properties and origin of biomass can form a basis for classification of biofuel feedstock. 
 The geospatial location and particle sizes have effect on the physicochemical properties and 
thermodynamic parameters of biomass.  
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1.11. Objectives of study 
In the overall, this research would experimentally investigate some available biomass in some 
spatial locations in Africa, classify and predict the elemental composition based on proximate 
analysis, while also predicting the HHV biomass. 
The specific objectives of this thesis are as follows: 
 To perform an exhaustive literature survey of biomass resources and comparative analysis of the 
performance of various HHV and elemental composition prediction models which have been 
previously developed. 
 To develop an optimal intelligent model for the classification of biomass feedstock. 
 To predict the main elemental constituents of biomass using some hybridized meta-heuristic 
models. 
 To estimate the combustion enthalpy of municipal solid waste (MSW) for energy generation 
based on different models. 
 To compare the HHV of biomass based on different models. 
 To experimentally study some selected biomass in order to assess their physicochemical 
properties, thermal behavior, as well as their environmental impact. 
 To evaluate the impact of geographical location on the energy parameters and thermodynamic 
properties of biomass. 
1.12. Thesis Outline 
This thesis is based on the articles which have been published, accepted or submitted by this 
research student. Therefore, the thesis is presented in five chapters as follows: 
Chapter 1: It provides the background for this study, such that various aspects of bioenergy 
resources relevant to this study were discussed. Different experiment procedure for biomass 
property were highlighted while the scope for AI application in biomass exploration were briefly 
discussed. The problem statement, the motivation for this study, relevant hypothesis and specific 
objectives of this study were reported. 
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Chapter 2: This chapter presents all the research outputs which have been published, accepted and/ 
or submitted to ISI/Scopus-indexed journals which are accredited by DHET. There were seven 
journal manuscripts which were prepared and submitted for journal peer review based on this thesis. 
Article 1, which is presented in section 2.2 reports intelligent classification model for biomass 
feedstocks. A detailed literature review on biomass feedstock and various intelligent classification 
algorithms were carried out. Article 2 and 3 presents the prediction of elemental composition of 
biomass based on various hybrid intelligent algorithms. Article 4 and 5 present the prediction of the 
energy content of MSW.  Article 6 and 7 which are under revision are based on the result obtained 
from the experiments carried out by this research student. The research motivation, methodology, 
data analysis and discussion were clearly stated in each of the articles. 
Chapter 3: This consist the articles that were submitted, presented and published or accepted in 
peer reviewed and Scopus-indexed conferences. As part of this thesis, eight conference articles 
were drafted, submitted, accepted, presented and published. These articles were drafted based on 
the literature survey and dataset obtained from reliable database. They provide vital information 
regarding the current trends in bioenergy investigation and model development, which drive this 
thesis to overall conclusions with useful recommendations. 
Chapter 4: Here, the book chapters which were drafted and submitted for peer review in response 
to book publication call from a reputable publisher (Springer nature) were reported. There were two 
book chapter submitted to the same book. While the first chapter focusses on the application of 
biomass which include the motivation, value addition processes and the challenges associate with 
the exploration, the other chapter discuss the AI in the prediction of thermal properties of biomass. 
The finding from various review were reported at the conclusion section of the chapters. 
Chapter 5: In this chapter, conclusions were drawn from the thesis while the recommendation for 
future work was clearly highlighted. 
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CHAPTER TWO 
  ISI/ SCOPUS listed Published Journal articles and submitted manuscripts 
2.1. Introduction 
This chapter consists of all the manuscripts which have been published, accepted or submitted to 
ISI/ Scopus indexed journals which are accredited by DHET. Each of the journals were prepared 
and formatted according to the format prescribed by each journal publisher. So, they are presented 
in this chapter as published or as submitted in the journals. The author of this thesis is the first, main 
contributor and the corresponding author in all the attached articles. The author conceptualized and 
carried out all the literature survey, design the methodology and analysed the results associated with 
this publication; the author wrote all the manuscript presented in this chapter. 
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2.2. Article 1 
Property-based biomass feedstock grading using k-Nearest Neighbour technique 
Published in Journal of Energy, 190 (2020) 116346. 
DOI: https://doi.org/10.1016/j.energy.2019.116346 
The motivation for this study is based on the need to classify biomass feedstock in order to improve 
the scientific understanding of biomass classes and ease the resources integration process. The 
research is also geared towards providing global standard in the intelligent classification of biomass 
feedstocks.  This article discusses 𝑘-NN as an effective and efficient algorithm used in solving 
several real-life classification problems. A detailed review of literature which highlighted the 
application of 𝑘-NN were carried out. The study classified several biomass datasets obtained from 
reputable journals.  Four (4) self-normalizing distance functions were experimented to determine 
the optimal model, while the performance assessment was based on metric relevant to multiclass 
classification problem. The 𝑘-NN model was developed in MATLAB environment. A total of 214 
biomasses were first sorted into eight classes based on  properties and origin as suggested by Khan 
et al. [152]. The model was tested with 70% of the dataset while the remain 30% was used for 
training. The performance evaluation was derived from confusion matrix [172]. The result showed 
that Mahalanobis distance function proved to the optimal at k=3. 
 It was observed that no sample was classified in Class V, this is possibly due to scanty data size in 
that class and the overall skewness of the dataset. Perez-Ortiz [173] suggested that paucity of data 
and the data skewness may affect the accuracy and sensitivity of class prediction. In overall, 
performance of the model is within the acceptable limit and can serve as tool for biomass resource 
classification. 
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Energy generation from biomass requires a nexus of different sources irrespective of origin. A detailed
and scientific understanding of the class to which a biomass resource belongs is therefore highly
essential for energy generation. An intelligent classification of biomass resources based on properties
offers a high prospect in analytical, operational and strategic decision-making. This study proposes the
k-Nearest Neighbour (k-NN) classification model to classify biomass based on their properties. The study
scientifically classified 214 biomass dataset obtained from several articles published in reputable jour-
nals. Four different values of k (k ¼ 1;2;3;4) were experimented for various self normalizing distance
functions and their results compared for effectiveness and efficiency in order to determine the optimal
model. The keNN model based on Mahalanobis distance function revealed a great accuracy at k ¼ 3 with
Root Mean Squared Error (RMSE), Accuracy, Error, Sensitivity, Specificity, False positive rate, Kappa
statistics and Computation time (in seconds) of 1.42, 0.703, 0.297, 0.580, 0.953, 0.047, 0.622, and 4.7
respectively. The authors concluded that keNN based classification model is feasible and reliable for
biomass classification. The implementation of this classification models shows that keNN can serve as a
handy tool for biomass resources classification irrespective of the sources and origins.
© 2019 Elsevier Ltd. All rights reserved.1. Introduction
Having come to the end of Millennium Development Goals
(MDGs), the United Nations (UN) general assembly adopted the
2030 Sustainable Development Goals (SGDs) in September 2015.
Focussing on inclusive development, the new agenda emphasize a
holistic approach to achieving sustainable development for all [1].
Incidentally, many of the proposed SDGs are dependent on biomass
[2]. Goal 7, 9, 12 and 13 of the SDGs substantially speak to the need
for alternative energy [1]. By insight into the SDGs, biomass stands
as the main avenue through which massive renewable energy can
be sustainably achieved in order to ensure access to affordable,
reliable, andmodern energy for all. This would inevitably culminate
in action to combat climate change and its impacts by elevating the
sustainable use of biomass resources, since the power generation
from fossil fuel continues to raise environmental concerns. Biomass
has been identified as the only alternative naturally occurring fossilji).fuel substitute both regarding carbon content and the available
quantity [3]. In 2013, 462 TWh of electricity was produced globally
from biomass [4]. Ever since then, the global consumption of bio-
fuel sourced from biomass has been on the increase, and this trend
promises to continue as long as major issues surrounding the
exploration of bioenergy is frontally addressed. In the future,
biomass energy has the potential to provide cost-effective and
sustainable energy supply to the population in the developing
countries [5,6]. There is an abundant supply of biomass feedstocks
which can be converted to biofuels. These feedstocks include;
agricultural crops, residues, forest products, energy crops and algae
biomass. Municipal Solid Waste (MSW) is also gaining attention as
a viable source of biofuel [7,8].
There is a consensus that biomass fuel is a renewable energy
resource, but lack of widely accepted terminology, classification
metrics, and global standard lead to some serious misconception
during the investigations. The main concerns surrounding biomass
exploration are related to how to extend and improve the basic
understanding of the composition and properties of biomass and
also to profitably apply this knowledge in the interest of environ-
mental safety [9]. The knowledge of the proximate properties of
O.O. Olatunji et al. / Energy 190 (2020) 1163462biomass and their classification are essential in their selection as an
energy feedstock [10]. Among several classification criteria which
have been adopted in the classification of biomass feedstock, the
most prominent is based on origin and properties [11,12]. There is
no known scientific classification method based on artificial intel-
ligence to the best of the authors’ knowledge. Since energy gener-
ation from biomass often requires a nexus of different sources, a
detailed and scientific understanding of the class to which a
biomass resource belongs is highly essential. An intelligent classi-
fication of biomass resources based on proximate properties of
biomass feedstock offers a high prospect in analytical, operational
and strategic decision-making.
Artificial intelligence has opened a new page in the field of data
analysis. Machine learning has been applied to several processes,
which include data mining and data analysis [13e18] related to
supply chain management [19,20], biomass elemental composition
[21], municipal solid waste management [22e24], energy con-
sumption prediction [25] and so on. One of the primary objectives
of data mining is classification. It is a form of predictive modelling
which defines groups within the entire population. The process of
classification focusses on finding a model which describes a data
class. The aim of classification is to use the derived function to
predict the group to which a data point belongs using an unknown
class label. By using the classification technique, one can learn the
rules that form categories of data [26]. Data classification has been
applied in several fields such as; medicine, credit ranking, customer
behaviour, and strategic management [27]. Some of the artificial
intelligent-based techniques which has been applied in the classi-
fication of various data are; Bayesian classifier, Ensemble classifier,
Artificial Neural Network (ANN), k-Nearest Neighbour (k-NN),
Support Vector Machine, SVM [14,28]. The keNN is a common
instance-based learning algorithm, which is used to classify an
unknown object by ranking the objects neighbour amidst the
training data. The result of this then intelligently predicts the class
of the new objects. The k in keNN is a pointer to the number of
proximate neighbours which are been evaluated in order to
determine the class to which a dataset belongs [26,29]. Apart from
its simplicity, keNN has proven to be an effective and efficient al-
gorithm used in solving several real-life classification problems
with good generalization and accuracy [30]. keNN has been
appraised as a transparent machine learning method with high
predictive ability, evenwith little or no prior information about the
data distribution [15,31]. keNN stands out as a data miningmethod
of choice for several classification problems due to its notable ad-
vantages, which competitively edge-out other methods. Some of its
advantages include [31];
i. Ability to handle training data that are too large to fit in-
memory,
ii. It can measure the similarities between training tuples and
test tuples without prior knowledge about data distribution,
iii. Reduction of error due to the inaccurate assumption.
iv. Lower computation time and high prediction accuracy.
The literature review has highlighted the success of keNN in the
classification of data for several applications [15,17,31,32].
This study proposes a proof of concept for the classification of
biomass based on the traditional classification of properties as
proposed by Khan et al. [11] using keNN classification algorithm.
The research seeks to innovate a consistent, flexible, direct and easy
to implement classification method for biomass properties. Iden-
tifying biomass classes is very vital to understanding the mecha-
nism which lead to the varying biomass feedstock behaviour and
for an improved prediction of biomass properties [33,34]. This will
engender an informed decision making about biomass resourcesmanagement and feedstock production for industrial utilization
especially as related to energy generation. Also, power plant de-
velopers will be enabled to ascertain the quality of the feedstock
coming fromvarious supply chain. Another objective of this study is
to extend the boundary of knowledge in terms of biomass selection
decision towards the hybridization of biomass sources for energy
generation.
2. Literature survey
The application of keNN as a machine learning approach spans
more than 50 years [35]. Although keNNwas believed to have been
introduced in 1951 in an unpublished medicine report, it did not
gain much traction until 1960. Ever since then, it has become a
renowned pattern recognition and classification technique
[26,36]. k-NN has been widely applied to various classification and
data recognition problems in several studies. Different k-values,
distance metrics, and types of data have been applied.
Chomboon et al. [37], evaluated the performance of keNN
classification algorithm using 11 distance functions which are;
Euclidean, Chebyshev, Cosine, Hamming, Jaccard, Spearman, Stan-
dardized, Manhattan, Minkowski, Mahalanobis, and Correlation.
Hypothetic data which were generated by MATLAB were divided in
ratio 70% training set and 30% testing set. There was a similarity in
the accuracy obtained from Euclidean, Standardized, Chebyshev,
Manhattan, Minkowski, Mahalanobis. Also, the models based on
these distances performed better than other evaluated distance
measures. Using the Knowledge Discovery in Databases, KDD
dataset obtained from Tavallaee et al., [38], Punam and Nitin [39]
analysed the performance of keNN algorithm. They considered
Chebychev, Euclidean, Manhattan as the measures of distance. The
numerical dataset contains 41 features and two classes. Accuracy,
sensitivity, specificity was used for the performance assessment for
each distancemeasure. The result obtained showed thatManhattan
distance performed better than the other evaluated distance
measures with an accuracy, sensitivity, specificity of 97.8%, 96.8%,
and 98.35% respectively.
In the medical field, three different kinds of medical dataset
obtained by Hu et al., [40] were analysed in order to explain the
effect of distance metrics on the keNN model. The dataset is made
of categorical, numerical and mixed types of data which were
collected from the University of California, Irvine UCI machine
learning archive. Training and testing datasets were 90% and 10%
respectively. The k values ranging from 1 to 15 were applied to four
distance measures which are Euclidean, Chi-square, Cosine, Min-
kowski. The lowest accuracy was reported for Minkowski,
Euclidean, and Cosine distance measures over the mixed type of
datasets. Meanwhile, Chi-square distance metrics performed best
for all types of dataset.
Todeschini et al. [41,42], evaluated the performance of keNN
classifier for eighteen different distance metrics using eight data-
sets. The distance measures evaluated are; Lagrange, Mahalanobis,
Bhattacharyya, Canberra, Wave edge, Contracted Jaccard, Jaccard,
Euclidean, Lance-William, Soergel, Clark, Cosine, and Correlation,
and four locally centred Mahalanobis. The results showed that
Manhattan, Euclidean, Soergel, Contracted Jaccard and Lance
-Williams distance metrics give the highest accuracy.
Gjertsen [43] developed a multi-source forest inventory (MSFI)
technique based on keNN field plot from Norwegian National
Forest Inventory (NFI), land cover maps, and satellite image data.
The relationship between the spectral bands and the forest vari-
ables showed a low level of association.
Xingjie et al., [44] applied keNN to reconstruct the position of
the control rod in form of an integer using Minkowski distance
measure. The result of this simulation showed that the keNN
O.O. Olatunji et al. / Energy 190 (2020) 116346 3method can accurately reconstruct the position of control rod from
the fixed in-core neutron detector. Table 1 shows some studies
which have applied Mahalanobis distance function and the opti-
mum accuracy that was obtained.
2.1. Biomass classification
The energy conversion process selection has made the study of
the classification of biomass material, which can fit as feedstock
very important. Some of the properties of the biomass which have
been discussed in the literature are thermal properties, elemental
composition, proximate properties, structural properties, and
chemical properties [47e51] These properties vary with the type of
biomass, part of biomass plant and the species [52], growth process
and growing conditions, geographical location, climate and sea-
sons, soil types, water, nutrients and soil pH, age of plant, presence
of pollutants and contaminants and the proximity to the pollutants,
breeding efforts, harvesting time and technique [33,34,53], trans-
port and storage condition, mixing of biomass from multiple
sources, pre-treatment, post processing and so on [12,53,54]. In
view of this diversity, a classification which eases the process of
prediction of the properties of biomass is very vital. Khan et al., [11]
proposed that biomass should be classified into two classes based
on; origin and properties. These have been discussed in
Refs. [49,50,55] and it is outlined in Fig. 1. Also, Tao et al. [33,34]
synthesizes biomass properties based on the energy properties [33]
and ash elements [34] using principal component analysis, though
there were no detailed discussion on the performance of this model
based on the known standard classification metrics. Most recently,
Mimi et al. [56] analysed several agro-waste samples which were
derived from eastern china using principal component analysis
(PCA). The present study presents an intelligent model for the
classification of biomass which has been sorted into eight classes as
shown in Table 2 and further discussed in section 3.1.
3. Methodology
The essence of the classification is to apply the algorithm to
information which comes from a known data source. This means
that the class to which a data belong is evaluated as an input, from
which it is transferred to higher dimensional space. In this new
environment, the data is grouped with distance function based on
the keNN algorithm. Therefore, the data is classified into new
groups to reflect the behaviour of the algorithm.
3.1. Data collection and classification
A total of 214 biomasses gathered from several trusted literature
were first sorted based on properties and origin as proposed by
Khan et al. [11], the two categories were further sorted into eight
classes. Class I consists of energy grasses and their parts (leaves and
fibrous materials), class II consists of fruit residues and related
plants, class III is the most diverse and it consist of wood, wood
chips and pruning. Class IV is made of food crop residue, class V
consist of biomass which were reported to have been subjected toTable 1
Some studies that applied Mahalanobis Distance to K-NN
Ref Author K range Mahalanobis Distance Accuracy
[45] Prasath et al. 1 0.8113
[37] Chomboon et al. 8 0.900
[43] Gjertsen et al. 1e20 0.631
[44] Xingjie et al. 1e40 0.43
[46] Joshi A, Mehta 5e25 0.9529pelletization process, since literature has shown that this process
may substantially affect the properties of biomass due to the force
of compaction [57,58]. Class VI is made of milling industry waste,
class VII is an assortment of refuse and solid waste of municipal
sources (MSW), this was sorted into a class due to their unpre-
dictability and diverse composition [59]. Lastly, class VIII is made of
biochar. The properties of biomass feedstocks were extracted from
Jigisha et al. [60,61], and Nhuchhen et al., [62]. To this end, 70% of
the whole dataset was used to train the model, while 30% new
dataset was used for model testing. The testing phase was meant to
determine the capability of the keNN model to generalize the
classification of new biomass dataset. In order to address the
detrimental consequence of overfitting, a stopping criterion was
set. The network training stops automatically when the error rea-
ches a stall value where significant reduction is not experienced.3.2. Self-normalizing distance metrics
The performance of keNN is substantially influenced by the
selection of distance function [37,39,40]. However, different dis-
tance functions have different features. Several distance metrics
have been applied as reported in section 2. There is a need to
determine the distance function which produce the optimal result
when applied to K-NN classifiers. Although several researches have
shown that Euclidean distance function is most commonly used of
distance metrics [63e65], Cover and Hart [29] posited that various
distance functions can be tested to determine the optimal. Distance
functions must be carefully selected in order to guarantee high
accuracy of the classifier. For this intent, it is highly important to
have distance metrics which capture the real behaviour of the
biomass data. This study focuses on the self-normalizing distance
metric, since it rules out the need for pre-normalisationwhich may
be needed to eliminate data redundancy. There is no need to
normalize the data, provided that the rounding errors used in
inverting the covariance matrix are kept under control [66,67]. This
study evaluates the performance of Minkowski, Manhattan (city
block), Euclidean and Mahalanobis distance functions applied to k-
NN algorithms, therefore these distance functions are discussed as
follows:3.2.1. Minkowski distance function
Minkowski distance function is a metric which is in a vector
space on which a norm is defined. It measures the geometric dis-
tance between two inputs using a variable scaling factor p. It can be
calculated as follows;
MKðx; yÞ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
j¼1
Xj  Yjpp
vuut (1)
Minkowski distance function can be manipulated to estimate
the distance between two datapoints using different values of
scaling factor p. For instance, when p¼ 1, Manhattan distance isFig. 1. Biomass classification [11,12].
Table 2
Classification of biomass.
Classification Number of biomass samples Classification based on Properties
I 43 Grasses/leaves/fibrous materials
II 38 Fruit residuedpit/shells/seeds
III 65 Wood and chips-barks/pruning/
wood/woodchips
IV 30 Food crop residue-Cob/hull/husk/
dust/straws/stalks
V 5 Pelletized biomaterials
VI 7 Milling industry waste
VII 14 Refuse/MSW
VIII 12 Biomass chars
O.O. Olatunji et al. / Energy 190 (2020) 1163464obtained, and when p¼ 2 Euclidean distance is produced. These are
discussed and formulated as follows:
3.2.2. Euclidean distance function
The Euclidean distance (EUD) is the real distance between two
points that are connected by straight line. If x ¼ fX1;…; Xng and
y ¼ fY1;…; Yng in an n-dimensional space, the Euclidean distance
is given as;
EUDðx; yÞ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
j¼1
Xj  Yj2
vuut (2)
3.2.3. Manhattan distance function
It is also called rectilinear distance, city block distance, or
taxicab metrics. Manhattan distance function (MN) computes the
distance between two data point following a grid-like path. It is also
defined as the sum of the lengths of the projections of the line
segment between the points onto the coordinate axes. If x ¼ fX1;…
;Xng and y ¼ fY1;…;Yng in an n-dimensional space, the Manhattan
distance is given as;
MNðx; yÞ¼
Xn
j¼1
XjYj (3)
3.2.4. Mahalanobis distance function
The Mahalanobis metrics (DM) can be defined as the distance
between an observation and the centre of each data group in an n-
dimensional space defined by n variables and their covariances. For
some classifications, Mahalanobis distance proved to be more
efficient [68]. The problem of scale and correlation, which are
associated with Euclidean distance function has been sufficiently
addressed by Mahalanobis distance since it assumes an anisotropic
gaussian distribution [69]. It does not depend on the unit of mea-
surements of dataset [70]. It measures the separation of two groups
of samples. It differs from Euclidean distance in that it takes into
account the correlations of the data set and is scale-invariant [71].
Therefore, it is also called statistical distance [68], hence its relative
advantage.
Suppose we have two groups with means Xj and Xk, Mahala-
nobis distance function, DM, is given by:
DMðXj;XkÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xj  Xk
Tq S1XjXk (4)
where S1 is an inverse pooled covariance matrix S between
Xjand Xk. This matrix is computed using weighted average of
covariance matrices of both groups.3.3. Modelling and classification algorithms
Based on the observation, a discrete class labels for an unclas-
sified data can be achieved. Let fðx1; y1Þ…:ðxN;yNÞg represent the
biomass dataset of q-dimension such that X ¼ fxgNi¼13R: and the
corresponding traditional class label based on properties Y where
Y ¼ fygNi¼13R:The objective of the classification is to learn a model
g such that a class label y’ is predicted for an unknown pattern x’.
For a binary classifier, keNN can be expressed as:
gKNN ¼
( 1 if X
i 2NK ðx’Þ
yi  0
1 if
X
i 2NK ðx’Þ
yi <0
(5)
For an instance of a multiclass classification, given an unknown
pattern x’, keNN predicts the class label of the majority of k nearest
pattern in data space such that:
gKNN ¼ argmaxy2Y
X
i2NK ðx’ Þ
Lðyi¼ yÞ (6)
It must be noted that the choice of k defines the locality of
estimation in keNN [40,44,72]. Therefore, the choice of k must be
done carefully to avoid overfitting and underfitting of the dataset.
Thus, several k values ranging from equations (1)e(4) were tested
in this model. The distance weighted keNN approach was experi-
mented for different value of k in the biomass dataset. The selection
of the optimum k was based on the minimum error rate.3.4. The model algorithm
The realization of the algorithm which is used for biomass
classification was achieved with MATLAB 2015 software installed
on a desktop computer workstation with configuration 64 bits,
32 GB RAM Intel (R) Core (TM) i7 5960X. The modelling steps
involved in the formulation of the algorithm for the classification
model for biomass properties based on keNN is as highlighted:
Input parameter:
Biomass samples, q¼ 214 from various sources and with prox-
imate properties.
Target output:
Biomass classification comprising eight classes (I, II, III, IV, V, VI,
VII, VIII).
Start.
Step 1: Initialization.
Assigning of values and normalisation of data matrix.
Step 2: Data Division.
Division of dataset as 70% training and 30% testing data
respectively.
Step 3: Training.
Table 3
Reference scale for kappa.
Kappa Agreement
<0 Less than chance agreement or poor agreement
0:01 0:2 Slight agreement
0.21e0.4 Fair agreement
0.41e0.6 Moderate agreement
0.61e0.8 Substantial agreement
0.81e0.99 Almost perfect agreement
Source [75].
O.O. Olatunji et al. / Energy 190 (2020) 116346 5Assigning of new label to an individual data point based on its k
nearest neighbours.
Step 4: If any of the labels changed go to step 3 otherwise,
proceed to step 5.
Step 5: Prediction.
Assign labels to test data based on its k nearest neighbour.
Step 6: Forecast Comparison.
Compare the predicted labels with actual labels and determine
the error rate.
Step 7: Change the test set and go to step 3.
Step 8. Determine the mean error rate after the stopping crite-
rion is fulfilled.
End.
3.5. Model performance assessment
The model evaluation was based on Root Mean Square Error
(RMSE) and some classification based metrics which applies
confusionmatrix [73,74]. These include Accuracy (Acc), Error (ERR),
Specificity (TNR), Sensitivity (TPR), False positive rate (FPR) and
Kappa statistics. The choice of RMSE is based on its use in numerous
studies as an effective means of determining the eligibility of the
model for prediction. Computation Time (CT) was also used to
determine the rate of convergent of the iteration and the speed at
which the computation is achieved. Given that yk and byk for
k¼ 1,2,3 … n is the predicted and observed biomass value respec-
tively, the performance of the classification model was determined
using the following measures:
Root Mean square Error (RMSE).
RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
k¼1½yk  byk2
N
s
(7)
It is one the most commonly used measure of the performance
of a classification model. It is the ratio between correctly classified
data to the overall dataset. It is used to analyse and compare the
quality of the classification. Under real life scenario, the cost of
misclassification does vary, therefore, the level of accuracy required
depend on the severity of the consequence or the impact of
misclassification.
Acc¼ TP þ TN
TP þ TN þ FP þ FN (8)
It is a complement of accuracy which represent the misclassi-
fication rate or the amount of data that are not correctly classified.
ERR¼1 Acc ¼ FP þ FN
TP þ TN þ FP þ FN (9)
Sensitivity (TPR)
It is also known as True positive rate (TPR), hit rate or recall. It is
the ratio of number of positive and correctly classified samples to
the overall number of positive samples. In this case, it the number
of positive correctly predicted biomass samples in a class to the
total number of biomass samples in that class. It is given as follows;
TPR¼ TP
TP þ FN (10)
Specificity (TNR).
It is also called True negative rate (TNR), or inverse recall and it is
expressed as the ratio of correctly classified negative samples to the
overall number of negative samples. In this case, it is the number of
negative correctly predicted biomass samples in a class to the total
number of biomass samples which are not supposed to be within
that class. It is given as follows;TNR¼ TN
FP þ TN (11)
It is also known as fallout and it is defined as the ratio of
incorrectly classified negative samples to the total number of
negative samples. This performance metrics complements the
specificity.
FPR¼1 TNR ¼ FP
TN þ FP (12)
Kappa statistic sðkÞ
It is a measure of the true agreement that is achieved beyond
that which is achieved by chance. This metric is applied to report
the quantitative measure of agreement between different obser-
vations. Kappa statistics can be applied to binary or multiclass
classification problems. It is given as;
k¼ Po  Pc
1 Pc (13)
where Po is the proportion of observed agreement and Pc is the
proportion of agreement obtained by chance. The common refer-
enced scale for the interpretation of kappa result is given by Landis
and Koch [75] and it is shown in Table 3. Kappa value of 1 means
there is a perfect agreement between the observations while a
kappa value of 0 means there is no agreement. Although this scale
may not be absolute as it was not supported by any empirical evi-
dence, it has been applied in several studies and in different fields
especially in medical science [76e79].
4. Results and discussions
The proposed keNN method employs the 70% of the biomass
dataset as the training data. The training data was fed into the
model to determine its classification ability, for k ranging from 1 to
4 based on same set of data. This was done since different value of k
produces different error rates and accuracy. All the performance
assessmentmethodswere computed from confusionmatrix [73,74]
which were coded in MATLAB environment.
4.1. Evaluation of self normalizing metrics
Fig. 2 and Fig. 3 show the overall classification accuracy for
Minkowski, Manhattan, Euclidean and Mahalanobis distance
functions based on k ranging from 1 to 4 for training and testing
data respectively. Expectedly the error rate at k¼ 1 is close to zero
(ERR¼ 0.067) for training data which means the accuracy of the
model is approximately 100%. This is because, for any given training
data, its nearest neighbour will always be itself. This implies that
there is almost around zero distance between a given data point
and its neighbour. Had it been the accuracy of the validation curve
follow similar pattern, the choice of k would have unarguably
become 1. Another consequence of k¼ 1 is an instance of boundary
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value and subsequently increasewith increase in k value. Therefore,
it would be wrong to assume that k¼ 1 gives the optimal model.
It is observed that the accuracy of the Euclidean and Minkowski
distance metrics were the same at both training and testing phase.
This agrees with Chomboon et al. [37] regarding the similarity of
accuracy obtained for Euclidean and Minkowski distance metrics
based on their hypothetical data. The result obtained for this two
were closely followed by Manhattan though with a slight margin.
Based on the evaluated performance indices, optimum K value
were obtained at k¼ 3 for all distancemetrics. Therefore, the RMSE,
for all distance metric were presented in Fig. 4. Mahalanobis
function shown the most obvious difference with higher accuracy
(73% and 70.3% for training and testing respectively) and the least
RMSE (1.547 and 1.42 for training and testing respectively)
compared to all other metrics which were investigated. In view of
this, further discussion is based on Mahalanobis distance function
since it produced the optimal performance of all the metrics.
Fig. 6. Prediction for Mahalanobis function based on the optimum training dataset at
k¼ 3.
Fig. 7. Prediction for Mahalanobis function based on the optimum test dataset at k¼ 3.
O.O. Olatunji et al. / Energy 190 (2020) 116346 74.2. Classification of biomass based on optimum distance function
As stated in the previous section, Mahalanobis distance function
produced the optimal performance based on various metrics
investigated. In order to determine the optimal value of k, valida-
tion error and training error as defined by RMSEwas plotted against
k values as shown in Fig. 5. It is noted that the optimum k value on
the validation dataset coincides with the turning point on the
training data curve which lies between the K values of 2 and 3. The
k which gives the minimum RMSE on the validation curve is taken
as the optimum k value which in this case is k¼ 3, and it is
considered for all predictions.
With k¼ 3 identified as the optimal k value, the trained model
was first subjected to the same training data comprising 150
biomass datasets. As observed in Fig. 6, the biomass samples in
Class I, II, III, IV, V, VII, VIII yielded good prediction relative to the
experimental biomass classes. In contrast, the biomass in class VI
were poorly predicted. This may be due to sparse data which were
in that class [80,81]. For model evaluation with new datasets, a
biomass dataset consisting of 64 new data that have not been
previously applied during the training phase were utilized. As
shown in Fig. 7, the testing phase reflects the actual biomass clas-
sification. The 33% of class VII were poorly classified while 18% of
the data in class VIII waswrongly predicted. The effectiveness of the
classification process for these classes may be improved by intro-
ducing a larger dataset comprising nearly same number of datasets
from all biomass classes. Interestingly, the agreement between the
predicted value and actual biomass class which were correctly
classified is very satisfactory. The biomass classes which were
largely represented in the database produced better classification
(classes I II and III). This means that the classification model may
improve with larger dataset having more evenly distributed
biomass feedstock in different classes [80].
Fig. 8 shows the percentage of biomass samples in each class
based on the data applied at model validation stage. The result
shows that the test sample was divided into seven distinct classes
with I, II, III, IV, VI VII, VII been 26.6%, 26.6%, 29.7%, 6.2%, 1.6%, 6.2%,
and 3.1% respectively. Overall, Class III account for 29.7% of biomass
samples predicted in the classification while no sample was clas-
sified in class V. The poor prediction of class V maybe due to small
data size associated with the class or the presence of outliers [82].
Shahshahani and Landgrebe [83] and Perez-Ortiz et al. [84]
emphasized that when the dataset in a class is small, the classifi-
cation result may not be satisfactory for that class.
The implication of these classification is that the model can
aggregate the biomass feedstock based on the fuel properties and0.6
0.8
1.0
1.2
1.4
1.6
1.8
2.0
0 1 2 3 4 5
R
M
SE
k-Value
Training
Testing
Fig. 5. Optimum value of K for Mahalanobis function.sources. The prominence of the feedstock is Class I to III suggests
the relative importance of biomass residue in energy generation
from biomass. Most agricultural processes produce some level of
waste which can be applied in renewable energy generation
through various conversion processes [53,85e87].4.3. Measurement of model accuracy
Statistical evaluation and measure of computational time of the
model training and testing phases gave the results presented in
Tables 4 and 5 The accuracy of the model was solely based on the
statistical performance which are relevant to classification models
since there is no known article in the literature which has utilized
keNN for the classification of biomass feedstock. The RMSE, Ac-
curacy, misclassification, Sensitivity, Specificity, and FPR are re-
ported in Tables 4 and 5 As previously stated, the optimum RMSE
and accuracy were obtained at k¼ 3. In overall, 70% of the feedstock
were correctly classified at the validation stage. FPR value of
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Fig. 8. Percentage biomass classification.
Table 4
Training error assessment for different k values.
k¼ 1 k¼ 2 k¼ 3 k¼ 4
RMSE 0.845 1.534 1.547 1.734
Accuracy 0.933 0.693 0.720 0.607
Error 0.067 0.307 0.280 0.393
Sensitivity 0.910 0.600 0.685 0.496
Specificity 0.990 0.948 0.956 0.938
FPR 0.010 0.052 0.044 0.062
Kappa 0.695 0.357 0.414 0.444
Table 5
Testing error assessment for different k values.
k¼ 1 k¼ 2 k¼ 3 k¼ 4
RMSE 1.639 1.798 1.420 0.000
Accuracy 0.703 0.656 0.703 0.359
Error 0.438 0.594 0.297 0.641
Sensitivity 0.491 0.293 0.580 0.274
Specificity 0.931 0.909 0.953 0.898
FPR 0.069 0.091 0.047 0.102
Kappa 0.500 0.632 0.622 0.659
CT(s) 7.73 5.9 4.7 4.3
O.O. Olatunji et al. / Energy 190 (2020) 11634680.047 at k¼ 3 implies that there is 4.7% chance that the model will
misclassify the class, hence as the FPR increases, the accuracy of the
model decreases. Also, Kappa statistics was used to measure the
level of agreement between the observed number of biomass
feedstock in a class and the number that were predicted for that
class. Kappa value of 0.62 on the scale of 0e1 [75] suggest that there
is substantial agreement between the actual classes and the pre-
dicted classes. This further lend a credence to the accuracy of 70%
which was obtained. The rate of convergence of the model was
determined from the computation time. It was observed that the
computational time decreases with increase in k -value.
5. Conclusions
In this study, we have presented a novel approach to the clas-
sification of biomass feedstock. Our model is a proof of concept and
a prototype of idea for using scientific methods such as keNN in the
classification of biomass data. The developed biomass classification
model was assessed using some statistical parameters. The model
developedwas testedwith new 64 data sets. Further studies shouldbe conducted with larger biomass data which sufficiently cover all
the biomass classes identified in this study. Also, other data mining
techniques can be explored. This will enable more efficient classi-
fication, which could assist in the hybridization of biomass sources
for energy generation. The model produced can effectively assist in
the assortment of different biomass resources. This model will
assist the power plant design engineers in deciding the biomass
which can be combined for energy generation purpose.
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In this article, which is accepted for publication, a hybrid adaptive neuro- fuzzy inference system 
(ANFIS) optimized with genetic algorithm (GA) was developed to estimate the elemental 
composition of biomass. GA optimization was experimented in this study due to its wide acceptance 
and its extensive use across different fields. Based on the literature survey, the GA and its 
evolutionist operators were discussed while the governing modelling principles were outlined. To 
the best of my knowledge, this author is the first to use GA-ANFIS model to predict the elemental 
properties. 
The theory of ANFIS and GA were discussed, while the model was developed based on some 
learning and optimization parameters. The fuzzy rule based on gaussian membership function was 
used.  Database for the model was compiled from wide range of dataset with biomass of different 
elemental composition. In overall 830 data points were divided in ratio 7:3 for training and testing 
respectively after randomization. 
Among other performance indices, it was revealed that around 90% of the datapoint were correctly 
predicted for Hydrogen, 95% for Carbon and around 87% for Oxygen. Of all the three constituents, 
Carbon was the most accurately predicted with 95% of the dataset followed by Hydrogen (> 80%) 
and Oxygen (>70%). The regression analysis was carried out to determine the fittest model based 
on the minimum error and the data dispersion along the best line of fit with carbon showing the 
closest fitness. The computational time (CT) was also estimated as a measure of the cost of 
forecasting.  In all cases, the CT results revealed that the model can be tested in less than 1mins, 
though this prediction is dependent on the computing power of the computer used. 
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Abstract. The elemental composition of biomass is a significant property, which 
determines the energy content of biomass feedstock. This article develops a 
prediction model based on a hybrid adaptive neuro-fuzzy inference system 
(ANFIS) optimized with Genetic Algorithm (GA). The model inputs were the 
proximate constituents of biomass which are ash, fixed carbon, volatile matter. 
These were used to predict the Hydrogen(H), Oxygen (O) and Carbon(C) content 
of biomass fuels. The proposed algorithm was evaluated based on some known 
performance metrics. The Root Mean Squared Error (RMSE), Mean Absolute 
Deviation (MAD), Mean Absolute Percentage Error (MAPE),Coefficient of 
Correlation (CC), Mean Absolute Error (MAE) are 3.673, 2.4609, 5.1757, 
0.9464, 0.309 at computation time (CT) of 33.65 secs for Carbon (C) ; 0.6293, 
0.4168, 8.3011, 0.75581, 0.0716 at CT of 40.21 secs for Hydrogen (H); 4.4538, 
3.1042, 13.3983,0.9167, 0.9899 at CT of 33.57 secs for Oxygen ( O) respectively. 
Regression analysis was also carried out to determine the level of dependence 
among the correlated variables. The model performance show that GA-ANFIS 
can be applied in the computation of the elemental composition of biomass for 
strategic decision-making. 
Keywords: GA-ANFIS; biomass feedstock; efficient utilization; elemental 
composition. 
1 Introduction 
As at 2017 the United Nation, UN projected a population growth from 7.6 billion to 
9.8 billion by 2050 [1]. The clean and sustainable energy is the viable solution to 
achieve safer and energy-efficient world since rising population is leading to increasing 
concentration of CO2, which was reported at 1.4% as at 2017 as the highest ever 
recorded. Considering the yardsticks such as availability, sustainability, energy 
efficiency, applicability, environmental impact, and flexibility, biomass is promising 
option to address over-dependence on fossil fuel and provide attractive feedstocks for 
energy generation [2]. Biomass elemental composition is an indispensable parameter 
required for the design and operation of biomass-to-fuel conversion technologies [3]. 
The Carbon, Hydrogen, Oxygen content, and other constituents in negligible quantity 
have impact on the gross heating value, the emission, and corrosion of conversion 
equipment. The knowledge of elemental composition helps in; calculating the material 
balance in bioprocess, development of biomass handling equipment such as boilers, 
gasifiers, combustors, estimating the volume and constituents of combustion gases, and 
fixing the amount of oxidant required for biomass gasification  [4]. However, 
experimental determination of elemental composition using the essential apparatus is 
becoming very expensive and time consuming compared to proximate analysis which 
can be conducted much easily. Therefore, rapid and economical approach would be to 
develop a model which can be used to estimate the elemental constituent from the 
proximate value since it has been established that there is a relationship between these 
two experimental methods. Against all these odds, Artificial Intelligence, AI, have 
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emerged with a potential to assist in fulfilling the objectives of biomass to energy 
exploration which centres around the estimation of the properties of biomass, such as 
the elemental composition and Enthalpy of combustion [3, 5-10]. AI has the capability 
for modelling of complex systems with high degree of accuracy. AI can be grouped 
into artificial neural network (ANN), Adaptive neuro-fuzzy inference systems 
(ANFIS), evolutionary algorithms (EA), support vector machines (SVMs) [11-16]. 
Several optimization methods have been proposed by researchers to improve the 
accuracy of ANFIS [17-19], one of this methods is genetic algorithm, GA. GA is an 
optimization technique which can be applied to solve problems built on natural 
selection process among the population such that a population of candidate solutions is 
advanced towards improved solutions [20-22]. It was developed in 1970s by Holland 
with the basic idea of abstract modelling of natural evolution [23]. The GA has been 
extensively used in different fields [24-26] and most closely in the prediction of the 
heating value of biomass [13] but there is no any know GA application for the 
prediction of elemental composition of biomass which cover different sources. There 
are quite a few published models which predict the elemental composition of solid 
biomass based on proximate analysis [3, 5, 8-10, 27-30]. Nhuchhen [30] developed a 
correlation which estimated the Carbon, Oxygen, and Hydrogen constituent of 
untreated and torrefied biomass on the basis of proximate analysis. Similarly, 
Mahmudul et al.[9] developed an empirical correlation towards the prediction of the 
elemental composition of torrified woody biomass. Also, the correlation developed by 
Vakkilainen [29] is only limited to black liquor. Parikh et al.[10] and Shen et al.[5] 
considered a dataset for proximate values which are Volatile matter, Fixed Carbon, Ash 
for an equivalent elemental composition of Carbon, Hydrogen, Oxygen. The range of 
the data considered is as shown in Table 1. It can be observed that the present study has 
a wider datapoint coverage compared to previous studies in the same domain. The 
performance of these correlations was evaluated as shown in Table 2. The contribution 
of Ash content in the prediction of elemental composition was considered by Shen [5] 
which made the correlation to be more robust with better prediction than Parikh et al 
[10]. 
All the mentioned correlations are linear and have not satisfactorily predicted the 
properties of the biomass since the elemental constituent of biomass and other 
dependent variables do not constantly follow linear pattern, particularly when tested 
with various samples. Ghugare et al.[3] has proposed a hybrid genetic programming 
algorithm, Support vector regression (SVR), and Artificial Intelligence in order to 
predict the elemental composition biomass. The result of their investigation showed 
that the model developed were more accurate than the existing linear and polynomial 
models. 
Since there are no known GA-ANFIS model which has been used to predict the 
elemental composition of solid biomass with such a large data coverage, this article 
proposed a prediction model based on a hybrid adaptive neuro-fuzzy inference system 
(ANFIS) optimized with GA. The model inputs were the proximate properties of 
biomass which are ash content (ASH), fixed carbon (FC), volatile matter (VM). These 
were used to predict the Hydrogen(H), Oxygen (O) and Carbon(C) content of biomass 
fuels. 
Table 1: Datapoint coverage for the proximate and ultimate properties of biomass. 
Reference Constituents Datapoint range % 
[10] C 
H 
O 
VM 
FC 
36.2-53.1 
4.4-8.3 
31.4-49.5 
57.2-90.6 
4.7-38.4 
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Table 2: Correlations for the estimation of Elemental composition 
 
 
2 Materials and methods 
2.1  Collection of data  
In predicting the elemental constituents of biomass-based on the proximate analysis 
results, the component of proximate which are VM, FC, ash in weight percentages (dry 
basis) were used as input variables to estimate the C, H, O as the output variables. The 
ranges of the proximate value are shown as present study in Table 1. A cumulative of 
830 data points were extracted from the database compiled by Ghugare et al.  [3]. After 
randomization, the data were divided into training and testing at ratio 7:3 respectively 
for the development of the model. 
2.2 Theory of ANFIS  
ANFIS combines the dual benefits of fuzzy logic and the neural network in a single 
framework, which enable it to solve complex problems in a way that optimal parameters 
of membership function are obtained from input to output mapping [15, 31]. It is a 
variant of the Takagi-Sugeno fuzzy inference system [32, 33]. It consists of input-
output parameters and fuzzy rules of Takagi-Sugeno class [15]. It is a class of adaptive 
multilayer feed-forward network which assumes a framework of two inputs 𝐻𝐻1, 𝐻𝐻2 and 
output 𝐺𝐺 such that the entries are evaluated by linguistic variable (𝐴𝐴1,𝐵𝐵1). The first 
order Takagi-Sugeno fuzzy model can be expressed as: 
Principle 1: If 𝐻𝐻1 is  𝐴𝐴1  AND 𝐻𝐻2 is 𝐵𝐵1   then 𝐺𝐺1 = 𝑏𝑏1𝐽𝐽1 + 𝑐𝑐1𝐽𝐽2 + 𝑧𝑧1. 
Principle 2: If 𝐻𝐻1 is  𝐴𝐴2  AND 𝐻𝐻2 is 𝐵𝐵2   then 𝐺𝐺2 = 𝑏𝑏2𝐽𝐽1 + 𝑐𝑐2𝐽𝐽2 + 𝑧𝑧2  
    
ASH 0.12-77.7 
[5] C 
H 
O 
VM 
FC 
ASH 
 
36.2-53.1 
4.7-6.6 
31.4-48.0 
57.2-90.6 
9.2-32.8 
0.1-24.6 
 
Present 
Study 
C 
H 
O 
VM 
FC 
ASH 
 
22.35-92.86 
0.52-11.42 
2.32-52.06 
5.04-89.60 
7.40-94.73 
0.10-56.10 
 
Reference Equation* R2 RMSE MAPE 
[10] C = 0455VM + 0.637FC H = 0.062VM + 0.052FC O = 0.476VM + 0.304FC 0.810 0.500 0.890 
 
6.763 
1.082 
1.530 
4.990 
19.734 
26.374 
[5] C = 0.46VM − 0.095ASH + 0.635FC H = 0.06VM + 0.01ASH + 0.059FC O = 0.469VM − 0.023ASH + 0.34FC 
 
0.745 
0.353 
0.828 
7.025 
1.169 
6.839 
5.149 
13.11 
28.304 
4 
where b1, c1, z1, b2, c2, z2 are output function parameters. In this article, the two rules 
above were adapted with input  𝐽𝐽𝑖𝑖 (𝑖𝑖 = 1 … 3) , output 𝐺𝐺𝑖𝑖(𝑖𝑖 = 1. . .3)  and cluster 𝐶𝐶𝑗𝑗(𝑗𝑗 =1 … 10) with the same weights using fuzzy c-means clustering method. 
Typically, ANFIS network has five layers [16] in the following sequence; fuzzification 
layer, multiplication layer, rationalization layer, defuzzification layer, summation layer.  
It should be noted that the first and fourth layer include the adaptive parameters capable 
of modification and update based on a learning technique used. The estimated output 
ultimately depends on the five layers in the ANFIS after the completion of the training 
phase.  From previous studies, the model performs optimally when the fuzzy rules 
based on Gaussian membership function is applied. This study also applied the 
Gaussian membership function on the input variables. The readers can refer to [16, 22, 
25, 32, 34, 35] [15, 35][16] for further information on ANFIS models. In this study, 
elemental constituents comprising of three inputs which are VM, FC, Ash were mapped 
to the output which are the principal elemental constituents (C, H, O) of biomass. 
2.3 Model Optimisation based on Genetic Algorithm (GA) 
GA is an evolutionary heuristic optimization algorithm which is based on population 
[20, 31, 36-38]. The process which lead to the generation of new solution in GA has a 
semblance of natural selection process of living organisms. Usually, the recurrent 
application of three evolutionist operators occur in three phases which are; selection, 
crossover, and mutation which all assist in the attainment of new solutions. Mutation 
can be defined as a mechanism through which a population is diversified in order to 
avoid stagnation[39, 40]. In GA, a population of candidate solutions is advanced to 
improve the solutions. Each potential solution has a set of characteristics termed 
genotype, which can be mutated. The objective function governs the selection of 
individuals for a new generation. During the selection process of the elites for the next 
generation, a fitness value is obtained for each member of the population. This value 
determines which member proceeds to the next generation. Consequentially, the 
optimized generation of the potential solutions is used in the following iteration [41, 
42].  Apart from population density and the optimal number of iterations, the selection, 
crossover, and mutation techniques must be considered in GA decision making process. 
Various selection methods may adopt different probability of assignment in order to 
ensure population diversity and obtain optimal solution. The two most popular selection 
criteria are; tournament and roulette wheel. This study adopts the roulette wheel for the 
selection criteria during parameter optimization in the hybrid model. Crossover method 
should be selected carefully such that a simple method which may lead to unusable 
chromosome for complex optimization problem is avoided. The concept of mutation 
has been comprehensively discussed by Gen et al.[39] Holland  [23], Pal et al.[40].The 
selection of mutation technique and probability will ensure that the diversity of the 
population is maintained. 
The antecedent and consequence of a typical ANFIS model is optimized by the training 
function. This optimization is performed on the adaptive layers which are the first and 
the fourth layers [36]. In this investigation, the GA algorithm was written in MATLAB 
(R2015a) and used to train the ANFIS model. An iterative training process aimed at 
achieving optimal parameters for the antecedent was performed. The Gaussian 
membership function (Equation 1) was used due to its less disruptive effect and 
robustness when applied to the system [43, 44]. 
                       ∅(𝑧𝑧) = 𝑒𝑒−12(𝑧𝑧−𝜇𝜇𝜎𝜎 )2 
 
(1) 
where ∅=Gaussian function, 𝜎𝜎 𝑎𝑎𝑛𝑛𝑛𝑛 𝜇𝜇= the membership function parameters. 
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2.4 Implementation of ANFIS-GA model 
Shown in Figure 1 is the flow diagram of GA-ANFIS model developed for the 
prediction of C, H, O components of biomass-based on VM, FC, Ash contents as the 
input variables. Genetic operators are applied to facilitate breeding in GA. Using GA, 
the ANFIS model was trained until the optimal solution was obtained.  
 
 
Initialize GA 
Generate 
Initial population 
Yes
Evaluate individual 
fitness 
 
 
Rank individual fitness
 
 
Generate new population
Selection
Crossover
Mutation 
Is any stopping criteria 
met?
ANFIS-GA
End
No
Use global optimal  value 
for  ANFIS parameters
 
Figure 1: Flow diagram for ANFIS -GA implementation 
The initial conditions used for the computation is as presented in Table 3. The 
convergence values, which minimizes the training error objective function was made a 
stopping criterion. The computation was done on a desktop computer workstation with 
configuration 64 bits, 32GB RAM Intel (R) Core (TM) i7 5960X. In general terms, the 
principle guiding the GA-ANFIS is as highlighted in the steps below; 
Step 1: Generate the first-string population 
Step 2: Assign and determine the fitness of each member of the population. 
Step 3: Choose a membership pair from the population string for breeding 
Step 4: Rank the fitness of the members of the population 
Step 5: Allocate the pair into passing population membership 
Step 6: Repeat step 5, until temporary population membership is filled up 
Step 7: Replace the existing population with members of passing population and some 
members of existing population to complete the membership 
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Step 8: Use the optimal population value for the ANFIS parameters then end GA-
ANFIS. 
Step 9: If the termination criteria are not met, return to step 2. 
Table 3: Learning and network optimization parameters 
User-defined Parameters Value 
Number of rules 20 
FIS type  Takagi-Sugeno 
Initial Population size 20 
Population type Double vector 
Selection function Roulette wheel 
Mutation rate 0.15 
Crossover function Heuristic 
Mutation function Gaussian 
Crossover percentage 0.4 
Number of iterations 600 
Stopping criteria Minimum training error 
 
2.5 Model Performance evaluation 
Statistical estimation of errors was carried out to evaluate the performance of GA-
ANFIS model which was designed in this study as follows; Computation time (CT) was 
also estimated as a measure of the overall prediction time as to evaluate the time cost 
of the forecasting and to further underline the economic significance of this model. 
Correlation Coefficient (CC): 
𝐶𝐶𝐶𝐶 = 1 − ∑ (𝑦𝑦𝑘𝑘 − 𝑦𝑦𝑘𝑘�)2𝑛𝑛𝑖𝑖=1
∑ (𝑦𝑦𝑘𝑘 − 𝑦𝑦𝑘𝑘���)2𝑛𝑛𝑖𝑖=1  
 
(2) 
 
Root Mean square Error (RMSE): 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �∑ [𝑦𝑦𝑘𝑘 −  𝑦𝑦𝑘𝑘�]2𝑁𝑁𝑘𝑘=1
𝑁𝑁
          (3) 
 
Mean Absolute Deviation (MAD): 
𝑅𝑅𝐴𝐴𝑀𝑀 =  1
𝑁𝑁
 �|𝑦𝑦𝑘𝑘 −  𝑦𝑦�𝑘𝑘|𝑁𝑁
𝑘𝑘=1
 (4) 
 
 
 
Mean Absolute Percentage Error (MAPE) 
𝑅𝑅𝐴𝐴𝑀𝑀𝑅𝑅 = �1
𝑁𝑁
 ��𝑦𝑦𝑘𝑘 −  𝑦𝑦�𝑘𝑘
𝑦𝑦𝑘𝑘
�
𝑁𝑁
𝑘𝑘=1
� × 100    (5) 
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3 Results 
3.1 Model validation 
To satisfactorily predict the elemental component of biomass, the model was trained, 
and the prediction capacity of the models was evaluated at the testing phase. Each 
elemental composition was considered independently during the training and testing 
phase. Each predicted elemental constituents and corresponding experimental values 
were plotted against the Data index. The Figure 2, Figure 3, and Figure 4  were plotted 
for Carbon, Hydrogen, and Oxygen respectively at both testing and training phase to 
show the prediction progression from training to testing. The results show a satisfactory 
concurrence between the actual and predicted elemental constituents with slight 
variation at training and testing phases. The concurrency between the actual and 
predicted Carbon and Oxygen revealed closer pattern compared to Hydrogen. In case 
of Hydrogen, the lower accuracy could be as a result of experimental errors and 
narrower data range when compared to other experimental constituents [3]. 
      
Figure 2a: Testing phase for Carbon 
 
 
Figure 2b: Training phase for Carbon 
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Figure 3a: Testing phase for Hydrogen  
 
 
  Figure 3b: Training phase for Hydrogen 
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Figure 4a: Training phase for Hydrogen
 
 
 Figure 4b: Testing phase for Oxygen 
 
3.2 Model evaluation 
For each model, the error was statistically calculated for the predicted and actual 
elemental constituents at training and testing stages as presented in Table 4. The RMSE, 
MAD, STD are consistently lower for Hydrogen at the training and testing phase when 
compared to Carbon and Oxygen. However, despite the lowest RMSE, MAD, STD 
reported for Hydrogen, the magnitude of MAPE and CC show that the model does not 
predict as much data correctly as the models for Carbon, though it does better than the 
Oxygen. The computation time of the Carbon and Oxygen were approximately the 
same, but significantly different from Hydrogen. This further validate the initial 
observation that the hydrogen model is not as accurate and economical as the others. 
The MAPE revealed that around 80% of the datapoint were correctly predicted for 
Hydrogen. Of all the three constituents, Carbon was the most accurately predicted with 
95% of the dataset followed by Hydrogen (> 80%) and Oxygen (>70%). This is at 
variance with various models ( GP-MLP, GP-SVR, MLP-SVR) developed by Ghugare 
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[3] which proposed that the MAPE of Carbon and Oxygen constituents are generally 
and constantly better than Hydrogen for all testing cases. The CT results revealed that 
the model can be tested in less than 1mins, though closely related to the computing 
power of the computer used. The result is important in the conversion of biomass to 
energy, since the properties of biomass feedstock determine the energy quality. 
Table 4: Predicted Elemental components (C, H, O) 
Evaluation 
parameters 
Hydrogen 
 
Carbon  
 
Oxygen 
 
 
Training  Testing  Training  Testing  Training  Testing  
RMSE 0.696 0.6293 3.673 3.3923 4.2235 4.4538 
MAD 0.4309 0.4168 2.4609 2.383 2.85 3.1042 
MAPE 9.4125 8.3011 5.1757 4.9733 11.5911 13.3983 
Error STD 0.6966 0.6265 3.6725 3.385 4.1843 4.3512 
CT (s) 
 
40.205 
 
33.65 
 
33.57 
CC 0.7861 0.7559 0.9159 0.9464 0.9024 0.9167 
 
The comparative analysis of the GA-ANFIS model with the models developed by other 
authors is indicated in Table 5. The RMSE of Hydrogen is significantly lesser than that 
of the other two models while the CC is also significantly higher[5, 10]. Also, the 
MAPE calculated based on Shen et al. [5] and Parikh et al. [10] are pointedly of lower 
order of magnitude with about half of the value estimated in this study. For Carbon, CC 
is lower and RMSE is also significantly lower by more than 50% for the model 
developed in this study. However, the MAPE were close as against a significant 
disparity in case of Hydrogen constituent prediction model. Also, for Oxygen model 
developed in this study, RMSE value shows a significant order of difference and the 
CC, though not as much as RMSE. But MAPE showed that the other linear correlation 
could only accurately predict around 50% of the data. This further underline the 
significance of the model developed in this study. The overall observation revealed that 
the GA-ANFIS model developed in this study provides more satisfactory performance 
for all the elemental components which were predicted in compared to the existing 
linear models. 
Table 5: Performance of GA-ANFIS compared to other models. 
Models RMSE MAD MAPE CC 
   
Hydrogen 
 
This study 0.629 0.417 8.301 0.756 
Parikh et al.[10] 1.082 - 19.734 0.500 
Shen et al. [5] 1.169 - 22.276 0.353 
   Carbon  
This study 3.392 2.383 4.973 0.946 
Parikh et al.[10] 6.763 - 4.990 0.810 
Shen et al.[5] 7.025 - 5.149 0.745 
   Oxygen  
This study 4.454 3.104 13.398 0.917 
Parikh et al.[10] 6.301 - 26.374 0.890 
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Shen et al.[5] 6.839 - 28.304 0.829 
3.3 Post-regression analysis 
The regression analysis was on the basis of the test results for all the predicted elements. 
The objective is to determine the model of greatest fitness based on minimum error 
criterion and the data dispersion along the line of the best fit (Figure 5-7). It can be 
inferred from the plots that Carbon in Figure 5 shows the lowest dispersion compared 
to other constituents with regression equation given as; F(C)predicted=0.83F(C)exp+8.2 in 
%weight. 
 
Figure 5: Regression for C constituent 
 
 
Figure 6: Regression for H constituent 
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Figure 7: Regression plot for Oxygen constituent 
4 Conclusion 
The elemental constituents of biomass were predicted based on the proximate values 
using ANFIS model which was optimized by GA. The accuracy of the model developed 
in the study was more satisfactory compared to the other linear models since it resolved 
nonlinear dependencies inherent in biomass properties. Regression analysis was also 
carried out to determine the level of dependence among the correlated variables and the 
data scattering along the line of best fit. The report shows that GA-ANFIS can be used 
in the computation of elemental composition of biomass-based on proximate properties. 
This result is significant for strategic decision-making regarding biomass to energy 
conversion operation. 
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Estimation of the Elemental Composition of Biomass Using Hybrid Adaptive Neuro-Fuzzy 
Inference System 
Published in BioEnergy research, Volume 12(3), page 642-652 
DOI: https://doi.org/10.1007/s12155-019-10009-6 
Further to the previous model which was reported in section 2.3 based on GA-ANFIS to predict the 
elemental properties of biomass, another model was developed based on PSO-ANFIS in order to 
determine the optimal model among all that were experimented. In this published article, a hybrid 
adaptive neuro- fuzzy inference system was developed to estimate the elemental composition of 
biomass using particle swarm optimization (PSO) algorithm.  This model provides robust, high 
fidelity correlation to predict the elemental composition of biomass. This author is the first to have 
used this model to predict the elemental properties of biomass as far as I am aware. 
The ANFIS was used due to its ability to adapt to changes within the system. Also, the ANFIS was 
optimized with PSO which is a powerful intelligent optimization technique. Among other 
advantages, PSO provides high performance with nonlinear functions at high convergence rate. The 
elemental composition (carbon, hydrogen and carbon content) was predicted from the 
corresponding proximate values. 
Database for the model was compiled from wide range of dataset with biomass of different 
elemental composition. In overall 830 data points were divided in ratio 70: 30 for training and 
testing respectively after randomization. The stopping criteria was based on the maximum iteration 
or when the model is stall. Regression analysis was used to illustrate the parity between the 
predicted elemental composition and experimental elemental composition. The performance of the 
model was based on some know and relevant statistical criteria while the computational time was 
also reported. The model developed was compared to some linear correlations. The PSO-ANFIS 
developed in this study was able to generalize the performance for all the predicted elemental 
composition and it was found to be useful in elemental composition, especially where there is 
limited access to expensive equipment.  
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Abstract
The application of evolutionary algorithms could be a rapid and acceptable means of predicting the elemental composition of
biomass applicable in power generation. This article introduces a hybrid model comprising of adaptive neuro-fuzzy inference
system (ANFIS) and particle swarm optimization (PSO) called PSO-ANFIS model. The model is based on the proximate values
of biomass materials to predict their corresponding elemental compositions. This intelligent hybrid model was trained with 581
biomass data and further tested with a new 249 biomass data. The carbon, hydrogen, and oxygen contents of solid biomass were
predicted based on the ash content (Ash), fixed carbon (FC), and volatile matter (VM) as the inputs. The model was evaluated
based on some known performance criteria. A root mean squared error (RMSE), mean absolute deviation (MAD), mean absolute
percentage error (MAPE), log of accuracy ratio (LAR), coefficient of correlation (CC), mean absolute error (MAE) value of
3.5816, 2.3279, 4.8521, 0.0012, 0.9329, 0.0227 at computation time (CT) of 47.04 secs for Carbon (C); 0.6383, 0.4047, 10.2187,
0.002, 0.7986, 0.0261 at CT of 35.2 secs for Hydrogen (H); 4.2042, 2.7417, 10.7612,0.0016, 0.9137 at CT of 28.16 secs for
Oxygen (O) respectively was obtained. A regression analysis was also carried out to determine the level of correlation between
actual and predicted values. The reported indices show that PSO-ANFIS can be used as a novel computation approach for the
prediction of elemental compositions of biomass, which is vital to the combustion, thermochemical, gasification, and pyrolysis
process toward energy production.
Keywords Biomass energy . Elemental composition . Hybridmodel . Proximate properties . PSO-ANFIS
Introduction
The evolution of the world economy is largely dependent on
sustainable, effective, and efficient methods of energy gener-
ation, strategic resources management, and intelligent
decision-making process. The conventional energy generated
from fossil fuel has enormous side effects on the global cli-
mate. The report about global warming across the globe is an
eye-opener. According to the UN Intergovernmental Panel on
Climate Change (IPCC), by 2030, global warming is likely to
reach a critical threshold of 1.5 °Cmore than the pre-industrial
level [1]. This means that global net emission of CO2 will
have to fall by 45% from 2010 levels by 2030 and reach a
zero value by approximately 2050 in order to keep global
warming at 1.5 °C [2]. Presently, laudable progress has been
made in addressing the challenges related to renewable energy
exploration and the practical threshold of such exploration is
being evaluated. In view of this, the exploration of biomass as
a substantial energy source is a significant focus of research
and development since it is among the most abundant energy
sources across the globe. The possibility of adapting relatively
cheap instrumentation to estimate more complex measure-
ment is becoming very appealing approach, especially in this
era of the fourth industrial revolution, where economic deci-
sions are projected to be data-driven [3, 4]. Various modeling
techniques can be applied in the places where more sophisti-
cated and more expensive instruments are not available due to
other priorities constraint, which limits the amount that can be
committed to the equipment. These instances include the fac-
tory floor production plant, small business laboratory, and
research laboratories with a small budget as is the case in the
most developing countries. The future undertaking in biomass
energy exploration will majorly depend on the novel and
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intelligent predictive models for optimum characterization of
vital properties, better management, and distribution of bio-
mass resources.
Among other properties, elemental compositions of bio-
mass are indispensable for designing energy conversion sys-
tems [5]. They are vital properties, which describe the energy
content and also govern the clean and effective use of the
biomass materials [6]. The carbon content C, hydrogen con-
tent H, oxygen content O, and other elements in a minor quan-
tity such as chlorine, citrogen, and sulfur determine the gross
heating value, the emission, and corrosion of conversion
equipment among other effects. They play a vital role in
mass-energy balance calculation in different biomass-to-
energy processes [6]. However, the ultimate analysis requires
very expensive equipment and highly trained analyst, which
may be unavoidable for a sustainable energy generation in the
long run.
Also, from the proximate analysis, the ash, moisture con-
tent, volatile matter (VM), and fixed carbon (FC) content can
be determined by using standard laboratory equipment and
can be run by any competent scientist or engineer [7]. The
application of the proximate constituents of biomass has tre-
mendously increased among the researchers and engineers,
due to the lower cost of analysis and the simplicity of the
process [8–13]. There exists a strong relationship between
the proximate properties and elemental compositions of bio-
mass. For instance, the high ash reduces the heating value and
combustion efficiency of biomass due to the deposit on the
boiler tube or the heat exchanger. Moisture content, on the
other hand, may position biomass as a candidate for biofuel
production. The VM impact the design and specification of
the boiler while also providing information on the possible
fuel combination [14]. The linear models (Table 1) which
have been previously developed by several authors [5, 7, 15,
16] were only valid over a relatively narrow range of the
elemental composition and proximate constituents. Also, the
linear correlations have not sufficiently predicted the elemen-
tal compositions, since some dependencies between the com-
position of biomass do not always follow linear trends [17],
especially when tested on diverse samples. A nonlinear de-
pendency exists in biomass properties when a change in a
specific property does not correspond to a change in other
properties. For instance, a change in the moisture content or
carbon content of biomass may not linearly correspond to a
change in oxygen, hydrogen, nitrogen, or sulfur content.
Ghugare et al. [17] have proposed a hybrid genetic program-
ming algorithm and support vector regression in order to pre-
dict the biomass elemental composition. They reported that
the results obtained from these models were better and more
accurate than the existing linear and nonlinear equivalent val-
ue of elemental composition prediction models. Nhuchhen [5]
predicted the C, O, and H composition of raw and torrefied
biomass based on proximate values. The result showed that
the previous models were not suitable for torrefied biomass
and therefore justified the need for more appropriate model.
Mahmudul et al. [15] developed an empirical correlation,
which was used to predict the elemental composition (C and
H only) of torrified woody biomass. The model is limited to
woody torrified biomass and it is based on the temperature,
residence time, and solid yields as the independent variables.
The advancement in the field of artificial intelligence has
opened a new chapter in the prediction of properties of bio-
mass. In recent times, novel models which are based on adap-
tive neuro-fuzzy inference system (ANFIS) have been applied
within several scopes of operation and processes [12, 18, 19].
This is largely due to its ability to accurately predict linear and
nonlinear functions since it could quickly adapt to changes
within the system. Fuzzy inference systems (FIS) and artificial
neural network (ANN) are very versatile in intelligently esti-
mating the system behavior with fuzziness in the variables
Table 1 Previous studies on the prediction of the elemental composition of biomass
References Equation (% weight)* Sample size R2 MAE RMSE MAPE
[7] C = 0.455VM+ 0.637FC 550 0.810 0.321 6.763 4.990
H = 0.062VM+ 0.052FC 0.500 0.479 1.082 19.734
O = 0.476VM+ 0.304FC 0.890 0.340 1.530 26.374
[16] C = 0.46VM − 0.095Ash + 0.635FC 86 0.745 – 7.025 5.149
H = 0.06VM+ 0.01Ash + 0.059FC 0.353 – 1.169 13.11
O = 0.469VM − 0.023Ash + 0.34FC 0.828 – 6.839 28.304
[5] C = 0.7698VM+ 1.3269FC + 0.3250Ash − 35.9972H 447 0.830 0.026 – –
= − (0.4830VM + 0.5319FC + 0.5600Ash) + 55.3678 0.700 0.041 – –
O = −(1.7226VM+ 2.2296FC + 2.2463Ash) + 223.6805 0.840 0.026 – –
[15] C ¼ 0:7405þ 28:47Y −1s
 
C0 152 0.815 – 0.037 –
H ¼ 1:067−11:45Y −1s
 
H0 0.790 – 0.059 –
C, carbon; H, hydrogen; O, oxygen; VM, volatile matter; FC, fixed carbon (on dry basis in % weight); Ys, solid yield; H0, hydrogen content of raw
biomass; C0, carbon content of raw biomass
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accounted for [12, 20] and thus, the integrated two forms the
ANFIS model. Optimization of ANFIS with PSO has been
experimented to produce several excellent results for different
engineering applications [18, 21, 22]. PSO is a powerful in-
telligent computation technique, introduced in the year 1995
by Eberhart and Kennedy [23], which is capable of solving
problems using candidate solutions. PSO has several advan-
tages, which include fast convergence, high performance on
nonlinear functions’ optimization, simplicity of operation, and
ease of realization.
As previously stated, finding the elemental compositions of
biomass fuel by means of ultimate analysis is an exorbitant
and onerous task. There is, therefore, a need for improved,
robust, high-fidelity correlation models that can be used to
estimate the elemental composition of biomass from proxi-
mate constituents. The application of evolutionary algorithms
could be a rapid and acceptable means of predicting the ele-
mental composition of biomass. To the best of our knowledge,
from the literature review, there is no model which has pre-
dicted the elemental composition of biomass from its proxi-
mate values using PSO-ANFIS and using this large dataset.
This article presents a PSO-ANFIS model based on the prox-
imate values of biomass materials to predict three major ele-
mental constituents of biomass which are C, H, and O. The C,
H, and O contents of solid biomass were predicted using the
Ash, FC, and VM as the inputs. The performance of the model
was evaluated based on some known criteria to determine the
level of correlation between the actual and predicted values.
Methodology
Data Collection and Processing
Database for the PSO-ANFIS model was compiled from a
wide range of dataset containing biomass of different elemen-
tal compositions and proximate values. This is to assure the
validity and coverage of the developed model. The coverage
of the data points considered for the development of this cor-
relation between ultimate and proximate value analysis in-
cludes the C, O, H, VM, and FC contents and the Ash in
weight percentages (dry basis).
Overall, 830 data points were extracted from the database
compiled by Ghugare et al. [17]. The collected data were
randomized (in order to have each class represented in the
dataset) and used for testing and training of the developed
model. The dataset was categorized into two subsets with
70% of the data used for training and 30% used for model
testing. As presented in Table 2, the statistical distribution of
the parameters available in the dataset was performed to val-
idate the coverage of the dataset variables. It can be observed
that the data coverage for each parameter (input and output) is
large for all subsets. This represents the largest dataset which
has been compiled in recent time.
Adaptive Neuro-Fuzzy Inference System
The ANFIS model, which was proposed by Jang [19], sup-
ports the Takagi-Sugeno system [24, 25]. Although there are
other types of fuzzy systems such as singleton and linguistic
[25], the Sugeno fuzzy model is the most applied fuzzy infer-
ence system due to its ability to fit into an adaptive framework.
It provides a systematic approach to develop a fuzzy rule from
input and output variables. The data elements are divided into
different categories through a data clustering process. ANFIS
model utilizes the strengths of fuzzy logic and artificial neural
network in one framework. This enables it to solve complex
and nonlinear problems such that optimal distribution of
membership function is obtained from input to output map-
ping [19, 26]. ANFIS is a five-layer network consisting of two
adaptive layers and three non-adaptive layers.
The first-order Takagi-Sugeno fuzzy model has fuzzy prin-
ciples which can be represented as follows:
Principle 1: If J1 is A1 and J2 isC1 then F1 = b1J1 + c1J2 +
k1.
Principle 2: If J1 is A2 and J2 isC2 then F2 = b2J1 + c2J2 +
k2.
where A1, C1, A2, and C2, are nonlinear parameters and
membership functions for inputs (J1 and J2) and b1, c1, k1,
b2, c2, and k2 are output function parameters. This was used
in this article with input Ji (i = 1...3), output Fi(i = 1...3), and
cluster Cj(j = 1...10) with equal weights using fuzzy c-means
clustering technique.
In general, the ANFIS network has five layers in the fol-
lowing order:
Layer 1: Fuzzy layer is made of fuzzy membership of the
input variables.
Layer 2: The product layer multiplies the first layer output
with a simple coefficient.
Layer 3: Normalization layer carries out the normaliza-
tion of the second layer output.
Table 2 Statistics of solid biomass experimental data
Constituent (%) Min Max Mean STD
FC 5.04 89.60 20.91 13.24
VM 7.40 94.73 71.31 15.88
ASH 0.10 56.10 7.77 10.17
C 22.35 92.86 48.50 9.46
H 0.52 11.42 5.59 1.07
O 2.32 52.06 36.88 10.06
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Layer 4: Defuzzification layer is a first-order polynomial.
Layer 5: Summation layer is made of a single fixed node
which performs the addition of all input parameters as the
overall output of the network.
Parameters of the first and fourth layer are adaptive and can
be updated according to the learning technique used, which in
this case is the PSO. For the prediction of the elemental com-
position, which is of interest in this study, ANFIS model maps
the three inputs (VM, FC, Ash) to the elemental compositions
(C, H, O) as the output. The model is trained such that
overfitting or underfitting is avoided by ensuring that the train-
ing stops when no further improvement is observed and the
maximum iteration is reached [27]. This means that the accu-
racy of the model is becoming static notwithstanding a few
stochastic fluctuations. The optimal model architecture can
then be reliably used to forecast new outputs from new inputs
to the model. The fuzzy rules of the model in this study were
based on the Gaussian membership function as shown in Eq.
(1). The Gaussian membership function was applied due to its
less disruptive effect and robustness when applied to the sys-
tem [28, 29]. The results of previous studies have shown that
the ANFIS models based on this function have a better per-
formance compared with the other models. For more informa-
tion on ANFIS, refer to the existing articles and books within
this scope [16, 19, 24, 25, 30, 31].
ϑ xð Þ ¼ e−12 x−μσð Þ
2
ð1Þ
where ϑ is the Gaussian function and σ and μ are the
membership function parameters.
Particle Swarm Optimization Algorithm
PSO is a population-driven stochastic optimization method
which was developed by Kennedy and Ebert [23]. It is based
on the behavior of swarm birds. The objective of the PSO is to
attain the termination criteria that can progress to stop the
iterative search process. The termination criterion is selected
in such a way that the premature convergence and overfitting
are avoided [32, 33]. The termination criteria commonly used
in PSO include a maximum number of iterations, the achieve-
ment of an optimal solution for objective function based on
the set conditions, and stalling in objective function result
when no further improvement is observed over a specific
number of iterations. With a random placement of particles
within the solution space, each particle possesses a random
velocity value. Every particle in the solution space briefly
stores its current optimal position so far within the search
space. Based on Eq. (2) and (3), the particles are driven around
the search space in order to find the optimum solution. After
the evaluation of the fitness of all particles, Eq. (2) (velocity
equation) is applied to estimate the velocity of the particles
based on their best position and the position of the best particle
in the swarm. Equation (3) is used to update the position of
particles based on their current positions and velocities. This
iterative process progresses until any of the stopping criteria is
attained. Particles are driven by their own best position called
local optimal as well as the entire particle position known as
global optimal. The position and velocity of the particle are
updated using a population topology functions as defined in
[23, 34] as follows:
Vaj ¼ w Vaj
h i
þ b1  rand1aj Paj−X aj
 h i
þ b2  rand2aj Pag−Xaj
h ih i
ð2Þ
X aj ¼ Xaj−Vaj ð3Þ
such that each particle j in M population possesses X aj
position component and Vaj velocity component at the ath
dimension. Pj signifies the best position of the jth particle
and Pg the global best position. The acceleration coefficients
are defined by b1 and b2; w is the linearly decreasing inertia
weight. The rand1aj and rand2
a
j components of the equation
are randomly generated numbers within the range of 0 and 1.
The readers may refer to references [22, 35] for more infor-
mation and further reading on PSO and ANFIS.
The Hybrid PSO-ANFIS Model
Shown in Fig. 1 is the schematic diagram of ANFIS-PSO
model for the estimation of C, H, O constituents of biomass
as a function of their proximate properties. The PSO technique
iteratively updates the particle position and velocity. The
ANFIS model was trained with the PSO function until the
convergence at optimal solutions of ANFIS parameters were
obtained. The PSO function optimizes the adaptive layers in
the ANFIS model (first and fourth layers) to obtain optimal
parameters for the model. The fuzzy c-means clustering
(FCM) method was used in the ANFIS model. The least
square error function En(U, v) was minimized such that zi is
a member of c-cluster inM observation based on the degree of
membership τic. This is shown in Eq. (4) as follows:
Jm U ; uð Þ ¼ ∑
M
i¼1
∑
C
c¼1
τnic Zi−Uck k2A; 1≤n≤∞
forC ¼ number of clustersj2≤C < m
ð4Þ
where n is the weight-based exponent, C is a positive
square weight matrix of m ×m dimension, ‖‖ is a Euclidean
space of m dimension which encompasses the sample data,
and uc is the center of cluster c.
The PSO-ANFIS algorithm was written in MATLAB
(R2015a) with initial model parameters presented in Table 3.
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The training stops when no further improvement is observed
and the maximum iteration is reached. A maximum iteration
of 1000, 800, and 600 was experimented; however, no signif-
icant difference exists between the cost function of the three.
Therefore, to minimize computational time, the least of these
(600 iterations) was chosen in this study. Also, the fuzzy c-
means clustering (FCM) technique was used for data cluster-
ing. This technique requires the user to specify the number of
clusters. However, “auto” mode in this algorithm in Matlab
uses a subclustering algorithm to find the optimal number of
clusters, which in turn determines the number of rules and
number of membership functions in the model. The computa-
tion was performed on a desktop computer workstation of 64
bits, 32GBRAM Intel (R) Core (TM) i7 5960× configuration.
The relationship between the proximate composition and ele-
mental constituents of biomass can be mathematically
expressed as follows:
C;H;Oð Þ ¼ f FC;VM;ASHð Þ: ð5Þ
Performance Evaluation
For any model to be accepted as best fitted, the error in the
estimation must tend to be zero. Since a model with zero error
is an overfitted model, a case avoided in this study, the PSO-
ANFISmodel was evaluated based on selected statistical mea-
sures of error. These include the following: mean absolute
deviation (MAD), root mean square error (RMSE), mean ab-
solute percentage error (MAPE), log of accuracy ratio (LAR).
The coefficient of correlation (CC) was estimated to evaluate
the degree of goodness of the proposed models. The choice of
MAD and RMSE is based on their use in numerous studies as
an effective means of determining the eligibility of the model
for prediction. MAPE estimate the degree of accuracy and
Fig. 1 Schematic diagram of
PSO-ANFIS algorithm
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coverage of the model. In order to account for a possible low
prediction based on MAPE, log of the accuracy ratio (LAR)
was also calculated to allow for comparison with competing
prediction models [36]. Computation time (CT) was also used
to determine the rate of convergent of the iteration and the
speed at which the computation is achieved. However, this
metric is dependent on the configuration of the processor in
the computing device used. CT is a measure of how effective a
computing device is, in solving a problem. The lesser the CT,
the lesser the cost of the facility utilization. These metrics are
calculated as follows:
Correlation coefficient (CC)
CC ¼ 1− ∑
n
i¼1ðyk−ykbÞ2
∑ni¼1 yk−yk
 2 ð6Þ
Root mean square error (RMSE)
RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑Nk¼1½yk−ykb2
N
s
ð7Þ
Mean absolute deviation (MAD)
MAD ¼ 1
N
∑
N
k¼1
yk−yk
  ð8Þ
Mean absolute percentage error (MAPE)
MAPE ¼ 1
N
∑
N
k¼1
yk−yk
yk


" #
 100 ð9Þ
Log accuracy ratio (LAR)
LAR ¼ Log ARð Þ ¼ log yk
yk
 !
ð10Þ
Results and Discussion
Model Testing
This section presents the results of the model testing phase.
After training, the optimal model architecture was subjected to
new datasets for the purpose of validation. The performance
criteria were determined to measure the strength of the corre-
lation between the estimated elemental composition and the
experimental data. The experimental constituents and ob-
served values of biomass, which were considered in this study,
were plotted with each of the constituents against the data
index as shown in Figs. 2, 3, and 4. The prediction result
shows a strong relationship and satisfactory agreement be-
tween the predicted values and the experimental biomass con-
stituents. The agreement between the predicted O and C was
closer and showed better agreement than H. The lower pre-
diction accuracy for H as noted may be due to narrow cover-
age of H data point in comparison to other constituents (C and
O) of ultimate analysis. This is in agreement with the findings
of Ghugare [17]. This fact alongside the measurement errors
which may have been accrued in the course of the experimen-
tation may have been responsible for lower hydrogen percent-
age weighted accuracy.
Regression Analysis and Correlation
Regression analysis was carried out to illustrate the distribu-
tion of the predicted elemental constituents and the experi-
mental constituent along the Y = T line that express the optimal
prediction value of the model. The dotted line in Figs. 5, 6, and
7 represents the ideal solution, where predicted elemental con-
stituents (Y) equals the experimental data (T).
It is clear from the Figs. 5, 6, and 7 that the majority of the
data points was evenly and closely dispersed around the line Y
= T. The C constituent followed by H constituent showed the
best correlation with the unity slope line. This further con-
firmed that the model is suitable for the prediction of elemen-
tal composition of biomass fuel.
Performance Evaluation
The statistical examination of the performance of the devel-
oped model for different elemental constituents, i.e., RMSE,
MAD, MAPE, Error STD, and CC at the training and testing
Table 3 User-defined learning and optimization parameters
User-defined parameters Value
Initial population 20
Inertia damping ratio 0.8
Number of iterations 600
Personal learning coefficient 2
Global learning coefficient 2
Inertia weight 0.5
FIS type Takagi-Sugeno
Defuzzification method Weighted average
Input MF Gaussian
Output MF Linear
Stopping criteria Maximum number of iterations
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phases of the model is presented in Table 4. The LAR were
calculated for the testing phase only since it is expedient to
establish if the developed model satisfactorily predicts the
target constituents. LAR was also introduced as a measure
of the error in order to address the asymmetric nature of
MAPE with respect to overforecasting and underforecasting
and also non-resistance to outliers [36, 37]. The performance
values obtained are highlighted in Table 4. The predicted val-
ue of H was observed to be lower than the C and O. This may
be due to the lower weighted value of H in different biomass
resources which were in the data coverage (0.52–11.42%) and
also the mean value (5.59%) of hydrogen when compared
with O and C. Despite the lowest RMSE, MAD for hydrogen,
it is observed that the LAR is more compared with other
predicted constituents (C and O). This further confirmed the
initial proposition that the hydrogen model is less accurate
than the others. The MAPE revealed that almost 90% of the
data points were correctly predicted. Of all the three
Fig. 2 Comparison of the
experimental and predicted value
of hydrogen at the model testing
phase
Fig. 3 Comparison of the
experimental and predicted value
of oxygen at the model testing
phase
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constituents, C was most accurately predicted with 95% of the
dataset followed by H (> 89%) and O (> 86%). Of all the three
constituents, C was most accurately predicted with 95% of the
dataset accurately predicted and with LAR of 0.0012. The
computation time which defines the cost-effectiveness of the
model was evaluated. The computation time (CT) of O is the
lowest (≈ 28 s) followed by H (≈ 35s) and C (≈ 47s). Overall,
CT results showed that the model can be tested in less than 60
s. This is quite a significant result in terms of processing for
industrial operation and energy generation. In the context of
elemental constituent prediction, it is only these authors that
have given the indication of the computation time which is
very important to industrial investment in prediction modeling
tools.
The models developed in this study were compared with
the models developed by Parikh et al. [7], Shen et al. [16], and
Ghugare et al. [17]. The comparison is presented in Table 5.
Parikh et al. [7] and Shen et al. [16] developed linear models,
which are compared with this study as follow:
For hydrogen, the CC magnitude based on the testing
dataset which is reported in this article is significantly higher
with a value > 0.8 compared with the other two models with
Fig. 4 Comparison of the
experimental and predicted value
of carbon at the model testing
phase
Fig. 5 Regression plot for oxygen constituent Fig. 6 Regression plot for carbon constituent
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values ranging from 0.353–0.5. Also, the MAPE and RMSE
are significantly of lower order of magnitude with around 50%
reduction compared with the other linear models.
For carbon, the CC magnitude is also significant with a
value of 0.9 compared with 0.8 and 0.7 respectively for the
other models. However, the level of significance is higher
when compared with the hydrogen constituent. The analysis
of oxygen revealed a similar CC as hydrogen as they are
consistently higher than the linear models. Also, RMSE and
MAPE are approximate within the same order of magnitude.
The PSO-ANFIS and standalone ANFIS which were de-
veloped in this study were compared at the testing phase. The
comparison is necessary to establish the effect of optimization
on standalone ANFIS. PSO-ANFIS shows a better RMSE,
MAPE, and CC, for all elemental composition (C, H, O) com-
pared with standalone ANFIS. The MAPE obtained for hy-
bridized ANFIS 10.219, 4.852, and 10.761 respectively for H,
C, O were lower than standalone ANFIS. Also, the same ob-
servation was made for all other indices. This is in line with
other researches which have proved that PSO-ANFIS per-
forms better than standalone ANFIS [18, 30, 38–41].
Again, the results comparison with elemental composition
obtained by Ghugare et al [17] and this study shows a varia-
tion in the performance obtained. The best RMSE, MAPE,
and CC 0.824, 11.350, and 0.772 respectively obtained for
Table 5 Comparative assessment of the prediction performance of
PSO-ANFIS with other models
Models RMSE MAD MAPE CC LAR
Hydrogen
This study 0.638 0.405 10.219 0.799 0.002
ANFIS 0.686 0.419 10.351 0.764 0.0009
Parikh et al. [7] 1.082 – 19.734 0.500 –
Shen et al. [16] 1.169 – 22.276 0.353 –
Ghugare et al. GP [17] 0.838 12.897 0.755
Ghugare et al. MLP [17] 0.824 11.350 0.772
Ghugare et al. SVR [17] 0.825 12.902 0.763
Carbon
This study 3.582 2.328 4.852 0.923 0.001
ANFIS 3.894 5.001 0.897
Parikh et al. [7] 6.763 – 4.990 0.810 –
Shen et al. [16] 7.025 – 5.149 0.745 –
Ghugare et al. GP [17] 1.376 1.829 0.989
Ghugare et al. MLP [17] 2.102 3.309 0.988
Ghugare et al. SVR [17] 1.648 2.567 0.988
Oxygen
This study 4.204 2.742 10.761 0.914 0.002
ANFIS 4.381 10.020 0.895
Parikh et al. [7] 6.301 – 26.374 0.890 –
Shen et al. [16] 6.839 – 28.304 0.829 –
Ghugare et al. GP [17] 1.369 1.801 0.991
Ghugare et al. MLP [17] 2.134 8.458 0.991
Ghugare et al. SVR [17] 1.530 5.248 0.986
Table 4 Comparison for the predicted elemental constituents (C, H, O) in % weight
Evaluation criteria Hydrogen Carbon Oxygen
Training Testing Training Testing Training Testing 
RMSE 0.6731 0.6383 3.4419 3.5816 3.8548 4.2042
MAD 0.4135 0.4047 2.3317 2.3279 2.7197 2.7417
MAPE 8.5347 10.2187 4.9371 4.8521 10.2564 10.7612
Error STD 0.6737 0.6390 3.4441 3.5888 3.8560 4.2105
CT(s) 35.20 47.04 28.16
CC 0.7779 0.7986 0.9329 0.9233 0.9234 0.9137
LAR 0.0020 0.0012 0.0016
Fig. 7 Regression plot for hydrogen constituent
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H content based on multilayer perceptron (MLP) developed
by Ghugare et al [17] were bettered by the estimation based on
PSO-ANFIS implemented in this study. In contrast, the esti-
mated RMSE, MAPE, and CC for C and O were found to be
optimal based on genetic programming (GP) with a result
which is better than this study. The RMSE, MAPE, and CC
obtained were 1.376, 1.829, and 0.989 respectively for C and
1.369, 1.801, 0.991 respectively for O. Also, it is noted that
the result obtained further differs to the model developed by
Ghugare [17] which concluded that the MAPE of C and O
constituents are consistently better than for hydrogen for all
testing cases. The variation in the prediction accuracy obtain-
ed at the testing stage in this study and Ghugare et al [17] may
be due to differences in pre-processingmethods applied by the
authors since researches have proved that the processing tech-
nique has a significant effect on the prediction accuracy of the
models [42, 43].
Overall, the PSO-ANFIS model which was developed in
this study shown more significant generalization performance
for all predicted elemental constituent compared with the oth-
er linear models discussed in this study. This is evidence from
the reported values of CC, MAPE, and RMSE.
Conclusion
Extensive knowledge of the elemental constituents of biomass
is very important in the development of biomass-to-energy
conversion processes such as gasification, pyrolysis, direct
combustion, and biochemical conversion. Obtaining the ele-
mental compositions of a biomass fuel via ultimate analysis is
an expensive and time-consuming task. On the other hand,
proximate analysis, which is flexible and very easy to per-
form, can be used to estimate the elemental compositions
based on minimum parameters. In lieu of this, linear correla-
tions have been developed; however, they have not sufficient-
ly predicted the elemental composition since some dependen-
cies between the composition of biomass do not always follow
linear trends and the models are only applicable within a lim-
ited data coverage. In view of this, there is a need for robust,
economical, and high-fidelity models, which can be used to
predict the elemental composition of biomass from proximate
properties. The application of evolutionary algorithms could
be a rapid and acceptable means of predicting the elemental
composition of biomass. This article presents a PSO-ANFIS
model based on the proximate values of biomass materials to
predict three major elemental compositions for biomass which
are C, H, and O. The C, H, and O contents of a solid biomass
were predicted using the Ash, FC, and VM as the inputs. The
performance of the model was evaluated based on some
known criteria. Regression analysis was also performed to
determine the level of correlation between the actual and pre-
dicted values. The result obtained from PSO-ANFIS testing
model which was developed in this study showed more sig-
nificant generalization, performance, and accuracy for all pre-
dicted elemental constituents compared with the other linear
models. This model provides a convenient and accessible tool
which can be used to study the influence of biomass constit-
uents on the energy balance and process performance.
Specifically, it will be very useful in a case where there is
limited access to expensive equipment which may be required
for experimental characterization of biomass properties.
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The motivation for this study is based on the need to reduce the environmental pollution and annual 
mortality, which was estimated at 7 million as at 2018, and was largely reported to be caused by 
environmental pollution and indiscriminate disposal of waste. Also, the study is additionally 
motivated by increase in municipal solid waste (MSW) generation consequent upon growing 
population and urbanization. In order to mitigate the above-mentioned threat, the realization of 
waste to energy idea is spurred since it reduces the municipal solid waste landfills and reduces the 
traditional hydrocarbon fuels consumption. 
 
Since MSW has been recognised as a source of clean energy, the combustion enthalpy which 
determine the amount of energy that can be recovered from it was predicted. The ANFIS was used 
due to its ability to adapt to changes within the system. Also, the ANFIS was optimized with PSO 
which is a powerful intelligent optimization technique. The prediction of the enthalpy of 
combustion was based on the moisture content and the elemental composition of MSW. The model 
was trained with 86 MSW data while the model was tested with the remain 37 data points. The 
learning parameters were specified, while the model performance was determined based on the 
Mean Absolute Deviation (MAD), Root Mean Square Error (RMSE), Mean Absolute Percentage 
Error (MAPE), and the Coefficient of Correlation (CC). The predicted results of this model were 
compared with previously developed correlations based on the same dataset which were used in the 
study. The veracity of PSO-ANFIS was further established within the scope of the prediction of 
energy content of MSW. 
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Abstract 
The global challenges of climate change have been compounded by an unprecedented level of environmental pollution 
consequent upon the municipal solid waste, MSW generation. Recent advances by researchers and policymakers are 
focused on sustainable and renewable energy sources which are technologically feasible, environmentally friendly, and 
economically viable. Waste-to-fuel initiative is therefore highly beneficial to our environment while also improves the 
socio-economic well-being the nations. This current study introduces an adaptive neuro-fuzzy inference systems (ANFIS) 
model optimised with Particle Swarm Optimisation (PSO) algorithm aimed at predicting the enthalpy of combustion of 
MSW fuel based on the moisture content (H2O), Carbon, Hydrogen, Oxygen, Nitrogen, Sulphur, and Ash contents. This 
model was trained with 86 MSW biomass data and further tested with a new 37 data points. The developed model was 
observed to performed better in term of the accuracy when compared with other existing models in the literature. The 
model was evaluated based on some known error estimation.  The values of Root Mean Squared Error (RMSE), Mean 
Absolute Deviation (MAD), Mean Absolute Percentage Error (MAPE), Log Accuracy ratio (LAR), Coefficient of 
Correlation (CC) were 3.6277, 22.6202, 0.0337, 0.8673 respectively at computation time (CT) of 36.96 secs. Regression 
analysis was also carried out to determine the level of correlation between the experimental and predicted high heating 
values (HHV). 
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1 Introduction 
About three decades back, the sustainable development 
criteria have been in the frontline charge of energy policy. 
As at then, the sustainable energy was only defined with a 
focus on availability as a function of the rate of 
consumption [1]. But sustainability includes; the 
generation of fuel from raw materials that are locally 
sourced, in order to reduce the transportation logistics, 
and ultimately reduce the net greenhouse gas emission [2-
4]. Also, further development and ongoing discussion 
around the rising global temperature due to global 
warming has shown that other aspects of energy 
generation need to be holistically considered and 
thoroughly researched. Since energy exploration will 
obviously impact sustainable development, the 
environmental effect and demography should be 
considered. Today, researchers have now redirected to 
address these fundamental energy issues. 
According to World Health Organisation (WHO), 
environmental pollution is the world largest 
environmental risk. It accounts for about 7million annual 
mortality from its associated diseases such as stroke, lung 
cancer, chronic obstructive pulmonary disease, and 
respiratory infections [5]. Energy conversion using fossil 
fuel during transportation, power generation, heating 
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systems and so on, and disposal of solid waste in 
municipalities are majorly accountable for environmental 
pollution. As at 2016, urban location in the world 
generated 2.01billion tonnes of solid waste, which amount 
to a footprint of 0.74kg/per person/day. Going by the 
current rate of urbanization and population growth, the 
annual waste generation is projected to increase to 
3.4billion tonnes in 2050 which represent 70% increase 
from 2016 [6-8]. About 20-50% of municipal budget is 
consumed by waste management [7]. The effect of waste 
management is even more severe in the developing 
countries where over 90% of waste is usually disposed 
indiscriminately or incinerated openly [7]. This 
culminates into health problems, global warming, and 
urban violence. In order to mitigate the above-mentioned 
menace, the implementation of waste to energy idea is 
motivated since it reduces the municipal solid waste 
landfills and reduces the traditional hydrocarbon fuels 
consumption [9]. In recent times, energy derived from 
waste is now being integrated into our energy feedstock. 
Hence, determination of combustion enthalpy from 
routine constituents such as Carbon, Moisture, Oxygen, 
Nitrogen, Sulphur, Ash will ensure rapid decision for the 
engineers and the policymakers. Also, the development of 
modern system which can be used to process waste to 
different energy resources such as electricity, heat and 
transport fuels requires an accurate understanding of the 
major properties of MSW such as elemental composition 
and enthalpy of combustion. Enthalpy of combustion, 
which is also known as high heating value, HHV is a 
critical parameter, which determines the energy content of 
MSW. Such properties constitute the determining factor 
in the design and operation of biomass combustion 
systems [10]. In the recent time, artificial intelligence has 
gained traction as it has been applied in the estimation of 
the properties of heating systems and biomass feedstocks 
[11-14]. This is largely due to its ability to accurately 
predict linear and nonlinear relationships between 
variables due to its dynamic nature. Fuzzy inference 
systems (FIS) and artificial neural network (ANN) are 
very versatile in the estimation of the system behaviour 
[15, 16]. Optimization of an adaptive neuro-fuzzy 
inference systems (ANFIS) with particle swarm 
optimisation (PSO) has been tailored to produce several 
excellent results for different engineering applications 
[14, 17, 18]. ANFIS hybridized with PSO optimizes the 
adaptive ANFIS layers, thus achieving optimal ANFIS 
parameters. PSO has been credited as a powerful and 
intelligent population-driven computational algorithm 
which is able to solve a problem using the population of 
candidate solutions [19]. PSO acceptance is due to its 
many benefits which include fast convergence, high 
performance on nonlinear functions optimisation, 
simplicity of operation, and ease of realization [17, 20]. 
PSO has been successfully applied in various field which 
include engineering, management, medicine, 
pharmaceuticals, safety and so on [19, 21, 22].  
Several correlations have been developed to estimate 
the HHV of solid waste constituents, but the accuracy of 
these correlations is not satisfactory as most of them do 
not take cognizance of nonlinear dependencies of waste 
constituents. Previous correlations and models were 
developed by Wilson [23], Lloyd and Davenport [24], 
Meraz, et al. [25], Boie [26], Khan and Abu-Ghararah 
[27], Niessen [28], Chang [29], Baghban and Ebadi [11] 
to estimate the heating value of  waste and fossil fuel as 
shown in Table 1. The correlations by Lloyd and 
Davenport [24]  and Boie [26] were developed based on 
the elemental properties of fossil fuel and may not be able 
to generalize the behaviour of MSW constituents. While 
correlations developed by Chang [29]; Meraz, et al. [25]; 
Niessen [28]; Ringen, et al. [30]; Wilson [23] did not 
consider the ash component of the solid waste. In 
practical sense, it is justifiable to consider the effect of ash 
and moisture constituents when developing a model to 
predict the heating value of waste derived fuels. For 
instance, ash content determines the cost of disposal of 
combustion waste and may possibly contribute to particle 
emission while moisture content could affect the shelf life 
and also contribute to self-ignition of waste-derived fuel 
[31]. Also, Baghban and Ebadi [11] developed a model 
based on GA-ANFIS they reported that the model 
accurately approximated HHV. Table 1 presents a brief 
review of past studies on the prediction of HHV of 
biomass feedstock. 
Table 1. Correlations for the prediction of HHV 
References Equation HHV 
(MJ/kg) 
Sample 
size 
Feedstock 
class 
Meraz et al 
[25] �1
−
𝐻𝐻2𝑂𝑂100� �(−0.3708𝐶𝐶)
− 1.1123𝐻𝐻 + 0.1391𝑂𝑂
− 0.3178𝑁𝑁 − 0.1391𝑆𝑆�
100 MSW 
Wilson  [23] �1
−
𝐻𝐻2𝑂𝑂100� �(−0.3279𝐶𝐶)
− 1.5330𝐻𝐻 + 0.1668𝑂𝑂
− 0.0242𝑁𝑁 − 0.0928𝑆𝑆�
100 Organic 
waste 
Boie [26] 0.3517𝐶𝐶 + 1.1626𝐻𝐻
− 0.1047𝑆𝑆 − 0.111𝑂𝑂 - Fossil fuel
Lloyd and 
Davenport  
[24] 
�1
−
𝐻𝐻2𝑂𝑂100� �(−0.3578𝐶𝐶)
− 1.1357𝐻𝐻 + 0.0845𝑂𝑂
− 0.0594𝑁𝑁 − 0.1119𝑆𝑆�
138 Fossil fuel
Chang [29] 35.8368 + 0.7523𝐻𝐻
− 0.2674𝑆𝑆 − 0.4654)
− 0.3814𝐶𝐶𝐶𝐶 − 0.2802𝑁𝑁 150 Organic waste 
Niessen [28] 0.2322𝐶𝐶 + 0.7655𝐻𝐻
− 0.0698𝑆𝑆 − 0.072𝑂𝑂
− 0.0262𝐶𝐶𝐶𝐶 − 0.1814𝑃𝑃 80 Waste water sludge 
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C=Carbon; H=Hydrogen; O=Oxygen; S=Sulphur; 
N=Nitrogen; Cl=Chlorine; P=Phosphorous (on dry basis 
in % weight); H2O=Moisture content (as discarded, in % 
weight). 
From the literature survey to the best of information 
available to the authors, there is no model which has 
predicted the High Heating Value of MSW based on PSO-
ANFIS. Bearing this in mind, this current study 
introduces a PSO-ANFIS model aimed at predicting the 
enthalpy of combustion of waste-derived fuel based on 
the moisture content (H2O), Carbon C, Hydrogen H, 
Oxygen O, Nitrogen N, Sulphur S, and Ash contents.  
This study is aimed at estimating the combustion 
enthalpy of MSW for the purpose of energy recovery. The 
rest of this article is as structured: section 2 presents the 
materials and methods used, section 3 discusses the 
results obtained, and section 4 concludes the work. 
2 Materials and Methods 
A dataset comprising of 123 different waste samples of 
municipal origin which have been experimentally 
characterized were taken from Meraz, et al. [25] and 
Phyllis2, database for biomass and waste [32]. The major 
classification of municipal solid waste involved are; food 
waste, municipal woods, tree, and plants residue, plastic, 
paper, wood, textiles, solid waste incinerator samples, 
refuse-derived fuel, domestic waste. The input variables 
were the major components of MSW such as C, O, H, N, 
S, Ash on dry basis and moisture content (weight 
percentage calculated as discarded), while the output 
parameter was the HHV(MJ/kg). The 123 datasets were 
randomized and then divided into two subsets with 70% 
of the data used for training while 30% was used for 
model testing. The coverage of the data points and 
statistical analysis of the ultimate constituents and HHV is 
as shown in Table 2. 
Table 2. Statistical analysis of MSW experimental 
dataset 
Constituents min max mean Std 
H20 (%) 0.20 78.7 20.4 22.5 
C (%) 0.50 87.1 42.8 18.3 
H (%) 0.08 14.2 5.7 2.7 
O (%) 0.23 47.8 27.1 13.8 
N (%) 0.04 10.0 1.2 1.7 
S (%) 0.01 1.5 0.3 0.3 
Ash (%) 0.26 98.9 23.2 28.9 
HHV(MJ/kg) 0.14 45.9 16.2 9.6 
2.1 Fundamental Principles of ANFIS 
Takagi-Sugeno fuzzy model is the most applied fuzzy 
inference system (FIS) due to its adaptive framework [33-
35]. It provides a systematic approach to develop fuzzy 
rules from given input and output variables. The data 
elements are classified into different categories through 
data clustering process. The optimal estimation of the 
membership function parameters is achieved by dual 
advantages of fuzzy logic and artificial neural network. 
This enable the ANFIS to be able to solve complex and 
nonlinear problems [34, 36]. The fuzzy rules are based on 
first order Takagi-Sugeno fuzzy inference as follows:  
Rule 1: If 𝐽𝐽1 is  𝐴𝐴1  AND 𝐽𝐽2 is 𝐶𝐶1   then 𝐹𝐹1 = 𝑏𝑏1𝐽𝐽1 + 𝑐𝑐1𝐽𝐽2 + 𝑘𝑘1. 
Rule 2: If 𝐽𝐽1 is  𝐴𝐴2  AND 𝐽𝐽2 is 𝐶𝐶2   then 𝐹𝐹2 = 𝑏𝑏2𝐽𝐽1 + 𝑐𝑐2𝐽𝐽2 + 𝑘𝑘2. 
where A1, C1, A2, C2, are nonlinear parameters and 
membership functions for input (𝐽𝐽1 and 𝐽𝐽2) and b1, c1, k1, 
b2, c2, k2 and output function parameters. In this article, the 
above two rules were adapted with input  𝐽𝐽𝑖𝑖  (𝑖𝑖 = 1 … 7) , 
output 𝐹𝐹𝑖𝑖(𝑖𝑖 = 1)  and cluster 𝐶𝐶𝑗𝑗(𝑗𝑗 = 1 … 10) with equal 
weights using fuzzy c-means clustering technique. 
In general, ANFIS model is a five-layered network 
comprising of the fuzzy layer, product layer, 
normalization layer, de-fuzzification layer, and 
summation layer. For the prediction of the enthalpy of 
combustion, which is of interest in this study, ANFIS 
model maps the seven inputs (H2O, O, H, C, S, N, Ash) to 
the output (High heating value, HHV). It is established in 
the literature that ANFIS model formulated based on 
Gaussian principle gives a better performance in 
comparison with other models. Therefore, fuzzy rules for 
the antecedents in this study were formulated based on 
Gaussian membership function. Further information about 
ANFIS  can be found in [37, 38] [34, 39].   
2.2 Optimisation of ANFIS model with 
PSO 
The objective of the PSO is the optimization of the 
adaptive layers in the ANFIS model such that optimal 
membership function parameters are obtained. The 
stopping criterion was selected in such a way that 
premature convergence and overfitting is avoided [40, 
41]. The PSO is terminated if maximum number of 
iterations is exceeded, satisfactory solution is obtained 
based on the set conditions, or if there is no further 
improvement in the objective function over a specific 
number of iterations. Fuzzy c-means (FCM) clustering 
method is applied to minimize error in ANFIS and 
subsequently, the ANFIS is trained with PSO algorithm. 
Conventional ANFIS model proceeds with an integration 
of the gradient descent backpropagation algorithm and the 
least square method for the optimization of the adaptive 
layers [42]. However, recent studies in this domain have 
shown that optimization of the adaptive layers in ANFIS 
model with evolutionary algorithm increases ANFIS 
prediction accuracy [43, 44]. This study optimizes the 
ANFIS model with PSO.  
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PSO begins with a random set of initial solution and 
evolves toward the optimal solutions, just like other 
evolutionary algorithms. Each particle within the solution 
space possess a random velocity value. When the previous 
generation of information is updated, a new generation is 
produced. The best solution is attained as the particle 
search through the solution space according to equation 1 
and 2. Once the fitness of the particles has been 
established, the velocity of the particles is estimated 
according to equation 1. The position of the particles is 
updated based on their present position and velocity as 
shown in equation 2. The iteration proceed until the 
stopping conditions are attained. The position and 
velocity of the particle are updated using a population 
topology functions as defined in [19, 45] as: 
𝑉𝑉𝑗𝑗
𝑑𝑑 = �𝑤𝑤 × 𝑉𝑉𝑗𝑗𝑑𝑑� + �𝑏𝑏1 × 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟1𝑗𝑗𝑑𝑑�𝑃𝑃𝑗𝑗𝑑𝑑 −  𝑋𝑋𝑗𝑗𝑑𝑑��+ �𝑏𝑏2× 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟2𝑗𝑗𝑑𝑑�𝑃𝑃𝑔𝑔𝑑𝑑 −  𝑋𝑋𝑗𝑗𝑑𝑑��  (1) 
𝑋𝑋𝑗𝑗
𝑑𝑑 =  𝑋𝑋𝑗𝑗𝑑𝑑 −  𝑉𝑉𝑗𝑗𝑑𝑑                                                                  (2)      
such that each particle 𝑗𝑗 in 𝑀𝑀 population possesses 𝑋𝑋𝑗𝑗𝑑𝑑 
position component and 𝑉𝑉𝑗𝑗𝑑𝑑 velocity component at 𝑟𝑟𝑑𝑑ℎ 
dimension.  𝑃𝑃𝑗𝑗 signifies the best position of the 𝑗𝑗𝑑𝑑ℎ 
particle and 𝑃𝑃𝑔𝑔 the global best position. The acceleration 
coefficients are defined by 𝑏𝑏1 and 𝑏𝑏2, 𝑤𝑤 is the linearly 
decreasing inertia weight. The 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟1𝑗𝑗𝑑𝑑  and 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟2𝑗𝑗𝑑𝑑  
components of the equation are randomly generated 
numbers within the range of 0 and 1. The readers may 
refer to [17, 34, 35, 43, 46, 47] for more information and 
further reading on PSO and ANFIS. 
The flow diagram of PSO technique used as the 
optimisation algorithm for ANFIS is as shown in  
Figure 1. The model was used to predict the HHV of 
MSW based on their ultimate constituents.  
 
Initialize PSO 
Generate 
Initial population
Yes
Evaluate fitness of all 
particles 
Record local optimal 
fitness of all particles 
Update the position and 
the velocity of all particles
Is any stopping criteria 
met?
PSO-ANFIS
End
No
Use the current particle 
fitness for  ANFIS 
parameters
Start
Divide the data into 
testing and training 
sets then train and 
generate NN
Normalize the dataset 
using min-max 
method
Particles fitness is 
better than the best 
fitness?
No
Set the particle best 
fitness as the current 
fitness
Yes
Figure 1. Flow diagram of PSO-ANFIS Algorithm 
The relationship between the ultimate composition and 
HHV of MSW can be mathematically expressed as 
follows 
𝐻𝐻𝐻𝐻𝑉𝑉 = 𝑓𝑓 (𝐻𝐻2𝑂𝑂,𝐶𝐶,𝐻𝐻,𝑂𝑂,𝑁𝑁, 𝑆𝑆,𝐴𝐴𝐴𝐴ℎ) (3) 
In general term, the principle guiding the PSO-ANFIS is 
as outlined in the steps below: 
Step 1: Prepare the data for the input and the 
corresponding output. 
Step 2: Generate initial FIS structure using Fuzzy C-
means clustering technique 
Step 3: Generate the first particle swarm and do random 
initialization of variables. 
Step 4: Determine the initial location of the particles. 
Step 5: Generate the next generation of the particles 
Step 6: Estimate the fitness value of all the particles 
Step 7: Evaluate the cost of particles and update personal 
best 
Step 8: If the stopping criteria is not met, update the 
velocity and position of the particles then compute the 
particle fitness again 
Step 9: Use the global optimal value for the ANFIS 
parameters then end PSO-ANFIS, Output results and 
terminate the algorithm 
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The PSO script was written in MATLAB (R2015a) 
installed on a desktop computer workstation with 
configuration 64 bits, 32GB RAM Intel (R) Core (TM) i7 
5960X. An initial population of 20, local and global 
learning efficiencies of 2 each and the initial weight 
damping ratio of 0.8 was used for all ultimate constituents 
and HHV. A total of 48 premise parameters were 
optimized using the PSO. A maximum iteration of 400 
and the convergence values which minimizes the training 
error objective function were made the stopping criteria. 
The specification of the PSO learning parameters are 
shown in Table 1. Minimization of the training error 
objective function was made a stopping criterion. The 
training stops when no further improvement is recorded in 
the value of the objective function: 
Table 3. The specification of the PSO learning 
parameters 
User-defined Parameters Value 
Input/output 7/3 
Swarm size 20 
Input MF type Gaussian 
Output MF type Linear 
Inertia damping ratio 0.8 
Number of iterations 400 
Personal learning coefficient 2 
Global learning coefficient 2 
Inertia weight 0.5 
FIS type Takagi-Sugeno 
FIS clustering Fuzzy C-means 
Number of rules 20 
Stopping criteria Minimum training error 
2.3 Model performance evaluation 
Statistical estimation of errors was performed to evaluate 
the effectiveness of the model. These include; Mean 
Absolute Deviation (MAD), Root Mean Square Error 
(RMSE), and Mean Absolute Percentage Error (MAPE). 
The Coefficient of Correlation (CC) was estimated to 
determine the degree of fitness of the proposed model. 
The choice of MAD and RMSE is based on their use in 
numerous related studies as an effective means of 
determining the eligibility of the model for prediction. 
MAPE estimate the degree of accuracy and coverage of 
the model. The Log accuracy ratio (LAR) was calculated 
for the testing phase only since it is most expedient to 
establish if the developed model satisfactorily predicts the 
HHV. LAR was also introduced as a measure of error in 
order to address the asymmetric nature of MAPE with 
respect to over-forecasting and under-forecasting and also 
non-resistance to outliers [48, 49] Computation time (CT) 
was estimated as a measure of the overall prediction time 
as a measure of time cost of the forecasting and to further 
underline the economic significance of this model. 
Correlation Coefficient (CC) 
𝐶𝐶𝐶𝐶 = 1 − ∑ (𝑦𝑦𝑘𝑘 − 𝑦𝑦𝑘𝑘�)2𝑛𝑛𝑖𝑖=1
∑ (𝑦𝑦𝑘𝑘 − 𝑦𝑦𝑘𝑘���)2𝑛𝑛𝑖𝑖=1 (4) 
Root Mean square Error (RMSE): 
𝑅𝑅𝑀𝑀𝑆𝑆𝑅𝑅 =  �∑ [𝑦𝑦𝑘𝑘 −  𝑦𝑦𝑘𝑘�]𝑁𝑁𝑘𝑘=1 2
𝑁𝑁
(5) 
Mean Absolute Deviation (MAD): 
𝑀𝑀𝐴𝐴𝑀𝑀 =  1
𝑁𝑁
 �|𝑦𝑦𝑘𝑘 −  𝑦𝑦�𝑘𝑘|𝑁𝑁
𝑘𝑘=1
 
(6) 
Mean Absolute Percentage Error (MAPE) 
𝑀𝑀𝐴𝐴𝑃𝑃𝑅𝑅 = �1
𝑁𝑁
 ��𝑦𝑦𝑘𝑘 −  𝑦𝑦�𝑘𝑘
𝑦𝑦𝑘𝑘
�
𝑁𝑁
𝑘𝑘=1
� × 100 (7) 
Log Accuracy ratio, LAR 
𝐿𝐿𝐴𝐴𝑅𝑅 = 𝐿𝐿𝐿𝐿𝐿𝐿(𝐴𝐴𝑅𝑅) = log �𝑦𝑦𝑘𝑘���
𝑦𝑦𝑘𝑘
� (8) 
3 Results and Discussion 
The prediction ability of the model developed for MSW 
was evaluated at training and testing phases as shown in 
Figure 2 and Figure 3. However, most of the discussion is 
centred around the testing phase since the objective is to 
determine if the model can predict the experimental 
results with minimum error. To gain better insight into the 
performance of the model, the predicted and actual HHV 
were plotted against the data index. Also, Figure 4 
illustrate the correlation between the experimental and the 
observed HHV. The CC was determined to be 0.87. A 
good dispersion around the best line of fit from the 
regression plot was observed. Also, satisfactory fitness 
and predictive capability with the actual data at both the 
training and testing stages was established. As obtainable 
in most linear correlations in MSW studies, the 
dependencies among the constituents are not expected to 
be linear, therefore a ‘propose and test’ method may not 
be able to give an accurate prediction. Rather than 
applying linear regression, where each correlation was 
proposed, the corresponding coefficient of regression 
calculated and the error estimated, this study presents an 
optimized ANFIS model with new correlation and better 
predictive capacity compared to existing linear models. 
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Figure 2. Comparison of experimental and predicted 
HHV for PSO-ANFIS at training stage 
Figure 3.  Comparison of experimental and 
predicted HHV for PSO-ANFIS at testing stage 
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Figure 4. Regression plot of experimental and 
predicted HHV(MJ/kg) by PSO-ANFIS 
RMSE and MAD revealed the variability between the 
experimental and estimated data, but the RMSE is more 
sensitive to extreme data compared to MAD due to the 
squared term. Table 4 shows the estimation of errors for 
HHV developed for MSW. The value of R2 and RMSE 
may have improved if the moisture content were ignored 
in the development of the model, however, the 
significance of moisture variable makes it vital to be 
considered for practical purpose. The computation time 
(CT) which is a measure of the cost-effectiveness of the 
MSW prediction model was evaluated. The CT results 
shows that the model predict the HHV in less than 
60seconds. This is quite an important outcome in term of 
energy recovery from MSW. 
Table 4. Estimation of errors for HHV of MSW 
Training Testing 
MSE 13.1603 11.8634 
RMSE 3.6277 3.4443 
MAD 2.7058 2.562 
MAPE 29.0494 22.6202 
Error STD 3.63 3.3141 
CC 0.867 
Computational 
Time(s) 
36.964 
LAR 0.0337 
The model developed in this study was compared to the 
existing models. Meraz et al [25] and Wilson et al [23] 
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were selected since they were originally used to predict 
MSW and Organic waste respectively. All models were 
applied to the data which was used in this study so that 
the data was kept the same for each of the models 
evaluated. The predicted results of each model are as 
compared in Table 5. 
Table 5. Experimental and Predicted HHV based on 
different models 
Experimental 
HHV (MJ/kg) 
Wilson et al. 
[23] 
(MJ/kg) 
Meraz et 
al.[25] 
(MJ/kg) 
This study 
(MJ/kg) 
26.3400 27.5805 27.1253 26.0702 
20.2490 20.1251 20.8074 20.2708 
19.6610 19.5083 20.4102 19.3810 
17.0700 15.9383 16.5805 16.7671 
14.4950 13.9645 14.4361 14.4605 
12.7470 12.4326 12.8900 12.6678 
6.5130 7.3915 8.0940 6.3316 
5.5120 5.7759 6.1709 5.5314 
0.6980 1.6254 1.7166 0.7180 
0.3880 0.2431 0.2673 0.3914 
Conclusion 
Sustainable and renewable energy sources which are 
technologically feasible, environmentally friendly and 
economically viable, are been explored using waste-to-
fuel technologies. This study introduced an ANFIS model 
optimised with PSO aimed at predicting the enthalpy of 
combustion of MSW based on the moisture content 
(H2O), Carbon, Hydrogen, Oxygen, Nitrogen, Sulphur 
and Ash contents. The study establishes the viability of 
PSO-ANFIS model in predictive analysis in MSW 
studies. The performance metrics in this study compared 
with other existing models proved that this model will be 
useful in municipal solid waste management to predict 
expected HHV of the waste collected from the 
municipalities. Future research will model the effect of 
the predicted properties of biomass on the MSW energy 
recovery technologies to establish the optimum energy 
recovery condition. 
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This was a follow up on the previous study in section 2.5. It was designed to draw a comparison 
and to see if the model can be further improved if Multilayer Perceptron Artificial Neural Network 
(MLP-ANN) was applied for the prediction of High Heating Value of municipal solid waste 
(MSW). The motivation followed the same reasoning as stated in section 2.5.  
In this case, two training algorithms namely: Levenberg Marquardt (LM), and Resilient 
Backpropagation (RP) algorithms were applied. LM ensures quick convergence while RP is a fast 
training algorithm; these motivated their application in this study. The same data set were used for 
each algorithm while the model was trained with 86 MSW data and tested with the remain 37 data 
points. The user defined parameters were listed for the training of the models. The values of Root 
Mean Squared Error (RMSE), Mean Absolute Deviation (MAD), Mean Absolute Percentage Error 
(MAPE), and Coefficient of Correlation (CC) were reported.  
The regression between the network input and the target function for RP and LM are 0.9704 and 
0.9857 respectively. This shows that LM has better coefficient of regression which translates to 
better explaining power than RP; the explanatory power of LM is 2% greater than RP. Based on the 
mentioned performance metrics, a comparative analysis of LM and RP showed that LM has lower 
RMSE (3.095), MAD (0.328) and higher CC (0.986), though at the expense of lower MAPE which 
is obtained in the case of RP algorithm. The improved MAPE value obtained based on RP may 
have been as a result of improved speed of convergence, less sensitivity to the training parameters 
[174]. In overall, the PSO-ANFIS model (section 2.5) performed better than MLP-ANN. 
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Abstract: Energy from municipal solid waste is steadily being integrated into the global energy feedstock, 
given the huge amount of waste being generated from various sources. This study develops a Multilayer 
Perceptron Artificial Neural Network for the prediction of High Heating Value of municipal solid waste as a 
function of moisture content, carbon, hydrogen, oxygen, nitrogen, sulphur, and ash. A total of 123 experimental 
data were extracted from reliable database for training, testing, and validation of the model. This model was 
trained, validated and tested with 70%, 20%, and 10% of the municipal solid waste biomass datasets 
respectively. The predicted High Heating Value was compared with the experimental data for two different 
training functions: Levenberg Marquardt backpropagation and Resilience backpropagation, and with some 
correlation from the literature. The accuracy of the model was reported based on some known performance 
criteria. The values of Root Mean Squared Error (RMSE), Mean Absolute Deviation (MAD), Mean Absolute 
Percentage Error (MAPE), and Coefficient of Correlation (CC) were 3.587, 2.409, 21.680, 0.970 respectively 
for RP and 3.095, 0.328, 22.483, 0.986 for LM respectively. Regression analysis was also carried out to 
determine the level of correlation between the experimental and predicted High Heating Values (HHV). The 
authors concluded that these models can be a useful tool in the prediction of heating value of MSW in order to 
facilitate clean energy production from waste. 
Keywords: municipal solid waste; high heating value; multilayer perceptron; clean energy; Levenberg 
Marquardt backpropagation; resilience backpropagation 
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1. Introduction 
Waste utilization and management is a major challenge in sustainable development, given the mammoth 
amount of waste being generated from various sources across the globe. Presently, the main trend in waste 
management is the production of value-added products from Municipal Solid Waste (MSW) [1–3], since it 
leads to the reduction in the amount of MSW deposited at the landfill and also decreases the consumption of 
traditional fossil fuel [3]. MSW is gaining momentum as a viable source of biofuel [4–6], this place a relative 
advantage on it and biomass as other renewable sources cannot be readily converted to liquid fuel. Also, there 
exists a high prospect of MSW utilization in electricity generation [7]. The United Nation (UN) projected that 
the world population will increase by 2.2 billion between 2017 and 2050 [8]. This seemingly exponential 
increase in the world population and the quest for urban life will subsequently lead to increase in both the MSW 
generation and energy demand. The main driver of the increase in MSW in urban areas is the change in 
consumption pattern and living standard of the urban population. In 2016 only, 2.01 billion tonnes of solid 
waste was generated at the rate of 0.74 kg/person in a day across the global cities with 33% not managed in an 
environmentally safe manner [9]. From the statistics, the waste generated in cities across the globe may increase 
to 3.40 billion tonnes from 2016 level by year 2050 [9]. In low-income countries, around 90% of the waste 
generated are not properly disposed [10]. The MSW generated from developing countries are made of 55–80 % 
household, followed by market and commercial areas, which are made of industrial, institutional, and other 
related sources with 10–30% contribution [11,12]. Residents of developing countries are at risk due to 
unsustainable and indiscriminate disposal of waste [13]. In view of the severe risk associated with this practice, 
managing waste is very germane to environmental protection and climate change mitigation. Several countries 
have moved to quantify and utilize the MSW which they generate [14–17]. Given the cost implication of waste 
management, waste to energy (WTE) can be considered as a sustainable pathway to waste management. This 
has a high prospect of serving as an alternative source of energy [18] and in the production of other value-added 
products [3], which are economically viable and environmentally sustainable [18,19]. MSW is made up of 
various heterogeneous substances, from which energy can be produced through various conversion processes 
such as biological, thermochemical, anaerobic digestion, pyrolysis incineration and so on [20–25]. Also, 
methane capturing was proposed as a way to sustainably manage the MSW [16]. 
However, the design of new systems that can extract fuels from MSW requires knowledge of the 
fundamental properties of the MSW, especially its High heating value (HHV) and elemental composition as 
this gives the scientists and engineers a clue to the utility of the MSW in fuel production [26,27]. Heating value 
is used to determine the quantity of energy, which can be recovered from an amount of waste when subjected to 
conversion processes [20]. Although the heating value can be experimentally determined using bomb 
calorimeter, the current trend in global economy requires an urgent need to minimize the cost of production of 
energy, which include the determination of the heating value of MSW. The information from routine data such 
as moisture content, carbon, hydrogen, oxygen, nitrogen and sulphur, ash content enables rapid decisions about 
utilization of MSW. This will further provide a first-hand information regarding the gaseous emission and 
global warming potential of the MSW. 
Several models have been developed based on the experimental data from gravimetric composition, 
ultimate and proximate analysis and moisture content of waste [20]. However, most of these models do not 
account for the nonlinear dependencies of MSW [26–28]. This has therefore created a knowledge gap 
regarding the prediction of HHV of MSW [29,30]. A nonlinear dependency exists in MSW when a change in a 
property does not correspond to a change in other properties. For instance, a change in the moisture content or 
carbon content of MSW may not linearly correspond to a change in oxygen, hydrogen, nitrogen, or sulphur 
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content. Previous correlations and models based on ultimate analysis were developed by Kathiravale, et al. [31], 
Wilson [32], Meraz et al [33], Boumanchar, et al. [34], Niessen [35], Chang [36] and Shi, et al. [37] to estimate 
the heating value of  waste. 
Presented in Table 1 is an overview of correlations for the prediction of HHV of MSW feedstock. Also, 
Boumanchar, et al. [34] investigated Multiple Regression Analysis (MLR) and Genetic Programming (GP) 
formulation for the prediction of the HHV of MSW. Most of the correlations reported (Table 1) were based on 
the MSW [31,33,34,37], while others were based on organic waste [32,35,36]. 
Table 1. Correlations for the prediction of HHV. 
References 
Sample 
size 
Feedstock 
class 
Equation HHV (MJ/kg) 
Kathiravale et al 
[31] 
60 MSW                                                  
Boumanchar et al 
[34]-MLR 
187 MSW                        
Boumanchar et al 
[34]-GP 
187 MSW 
                             
       
       
 
       
       
 
        
       
 
       
         
 
 
Shi et al [37] 193 MSW                      
Meraz et al [33] 100 MSW 
 
                                                        
 
Wilson  [32] 100 
Organic 
waste 
                                              
          
 
Chang [36] 150 
Organic 
waste 
                                                 
    
Niessen [35] 80 
Waste water 
sludge 
                                                
Note: C=Carbon; H=Hydrogen; O=Oxygen; S=Sulphur; N=Nitrogen; Cl=Chlorine; P=Phosphorous (on dry basis in % weight); H2O=Moisture content 
(as discarded, in % weight). 
Apart from the above-mentioned issues which are related to the prediction of the HHV of MSW, to the 
best of our knowledge, the literature survey revealed that there is no model which have compared the HHV of 
biomass using LM and RP. Therefore, the present study constructs a Multilayer Perceptron Artificial Neural 
Network (MLP-ANN) model for the prediction of High Heating Value (HHV) of MSW using Levenberg 
Marquardt (LM) and Resilient backpropagation (RP) as the training algorithms with moisture content, carbon, 
hydrogen, oxygen, nitrogen and sulphur, ash as the input variables. 
2. Materials and methods 
2.1. Data collection and processing 
The data of experimental measurements from previous studies comprising 123 MSW samples were 
extracted from literature credited to Meraz, et al. [33] and Phyllis2 [38] since they are the most comprehensive 
database for MSW. Most of the MSW fall within the classes of domestic waste, plastic, paper, municipal residue, 
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textile and so on. The input variables are the percentage elemental constituents (C, O, H, N, S, ash on dry basis, 
and moisture content) and the output variable is the HHV (MJ/kg). The dataset for the model was divided into 
training, testing, and validation in the ratio 70%, 10%, and 20% respectively. The descriptive statistical 
distribution of the MSW data applied in this study is as shown in Table 2. 
Table 2. Descriptive statistical analysis of MSW experimental dataset. 
Composition H20 (%) C (%) H (%) O (%) N (%) S (%) Ash (%) HHV(MJ/kg) 
Minimum 0.2 0.5 0.08 0.23 0.04 0.01 0.26 0.14 
Maximum 78.7 87.1 14.2 47.8 10 1.5 98.9 45.9 
Average 20.4 42.8 5.7 27.1 1.2 0.3 23.2 16.2 
Std 22.5 18.3 2.7 13.8 1.7 0.3 28.9 9.6 
2.2. Principles of MLP-ANN 
START
 
 
        
Network 
Creation
 
 
H2O
C
H
N
S
O
Ash
HHV
Satisfactory 
prediction 
accuracy?
Yes
Test ANN 
model
END
H1 H2
No
Hidden Layer
Input 
Layer
Output Layer
        Network 
Initialization
Train        
Data 
Normalization 
Data 
Processing 
 
Figure 1. The schematic diagram for MLP-ANN. 
The Multilayer Perceptron (MLP) is a popular supervised learning technique in ANN whose architecture 
has been used for several forecasting problems in the literature [39–41]. It is a distributed mathematical model 
inspired by the behaviour of human brain and nervous system. The MLP basically consists of three layers; the 
input layer, hidden layer, and the output layer. The hidden layer may have one or more activation function(s) [42–45]. 
The input for this study is the elemental composition including the ash content of the MSW while the output is 
the HHV. In order to determine the optimal prediction model for the HHV, two training algorithms which are 
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Levenberg Marquardt (LM), and Resilient Backpropagation (RP) algorithms were applied. The network is made 
of two hidden layers H1 and H2 with 2 and 3 neurons in the first and second layer respectively. After initial trials, 
the activation function used at the first layer was logarithmic sigmoid [46,47] while the second layer was 
SoftMax [42] and linear function was chosen for the output layers. Figure 1 and 2 show the schematic diagram 
of  MLP-ANN and neural network architecture respectively. The training and testing steps involved in the MLP-
ANN for the prediction of the heating value were presented in Figure 1 while the transfer functions used in the 
model formulation were represented in Figure 2. 
 
Figure 2. Neural network architecture for the prediction of HHV. 
2.2.1. Levenberg-Marquardt backpropagation (LM) 
The Levenberg Marquardt algorithm is well-known algorithm which exhibits adaptive behaviour 
according to the solution distance [48]. It has shown better performance in variety of application when compared 
to gradient descent and other conjugate gradient methods [49,50]. This method was developed to approach the 
second-order training speed such that the need for the computation of Hessian matrix is ruled out [51,52]. 
Considering the effectiveness and efficiency of Newton’s method, LM aims at shifting to Newton’s method for 
a quick convergence. The Hessian matrix is approximated when the scalar   is zero, but for a large size of  , a 
gradient descent with small step size is adopted. This is such that the scalar   is reduced after each successful 
step and an increase is observed only when an increase in performance function is envisaged by a preliminary 
step. Thus, a reduction in the performance function, which is typically a sum of the squares for feedforward 
backpropagation networks is observed at every iteration during the network training process [53]. The Jacobian 
matrix, which contains the first derivatives of the network errors as a vector with respect to the weights and 
biases can be computed using a standard backpropagation technique. This computation is observed to be less 
complex than the Hessian matrix. The weight update is achieved as follows: 
                                                                                                                                                                                    
such that  
                                                                    
 
                
                                                                               
where   is the Jacobian matrix,   is a scalar constant and   is an identity matrix. 
2.2.2. Resilient backpropagation (RP) 
RP algorithm was developed to overcome the local minima error related to backpropagation. Resilient 
algorithm provides quick local adaptation during the training process. As one of the faster training algorithms, 
RP eliminates the effects caused by partial derivatives often associated with multi-layered networks trained with 
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sigmoid functions. Slope of sigmoid functions used in multi-layer perceptron approach zeros as input size gets 
larger. This becomes a problem when steepest descent with sigmoid functions are used for network training. A 
slight change in the gradient value causes a slight change in the values of the weights and biases, even when the 
weights and biases are not close to their optimal values [53]. Rather than using the magnitude of the partial 
derivatives, RP algorithm applies the weight step based local gradient sign to update the weight. When the 
updated value of each weight is adapted, the delta weights,      are transformed as follows [52]: 
                                                
 
 
 
 
                              
  
          
   
  
       
   
                                
  
          
   
  
       
     
                                                                                     
                                                          
where individual value change is        and the error function is  . RP algorithm gives a faster convergence 
during neural network training compared to most other algorithms. Table 3 presents the user-defined parameters 
for the training of the MLP model. 
Table 3. User defined parameters for MLP-ANN. 
User-defined Parameters Value 
Data division ratio 7:1:2 
Number of iterations 600 
Transfer functions logsig and softmax 
Activation function LM and RP 
Number of hidden layers 2 
Number of input variables 7 
Number of output variable 1 
Normalization method Min-max 
Stopping criteria Minimum training error 
2.3. Performance analysis 
The performance of the MLP-ANN model was based on some statistical measures which are; mean 
absolute deviation (MAD), root mean square error (RMSE), mean absolute percentage error (MAPE), and 
coefficient of correlation (CC). The choice of these metrics is based on their application in numerous related 
studies as an effective means of determining the eligibility of the model for prediction. The MAPE gives an 
information about the average error as a percentage of the predicted value whether the error is positive or 
negative. It is a dimensionless index. The lower the value of MAPE, the better the performance of the 
model [37]. According to Chang et al [54], if MAPE is < 10%, the performance of the model is said to be 
excellent, for values between 10% to less than 20%, the model is considered good; MAPE value from 20% to 
less than 50% is classified as acceptable, however, a MAPE value > 50 is classified as unacceptable [54]. 
Although this classification is not absolute since the acceptable MAPE baseline also depend on the 
characteristics of the dataset. CC measure the strength of the association between two variables. If the value 
stands at 0, it means there is no correlation between the variables, but if ranges between ﹣1 to 1 then it means 
there is a strong negative or positive correlation between the variables. As the RMSE is becoming lower, the 
model is expected to become better. 
Correlation Coefficient (CC) 
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             (4) 
Root Mean square Error (RMSE): 
       
         
 
   
 
 
         (5) 
Mean Absolute Deviation (MAD): 
     
 
 
          
 
           (6) 
Mean absolute percentage error (MAPE) 
      
 
 
   
       
  
                  (7) 
3. Results and discussion 
The observed and predicted HHV at the testing phase using RP and LM are shown in Figure 3 and 4 
respectively in order to compare the prediction performance of both models. It was observed that the predicted 
HHV and the actual HHV showed similar trend with the minimum and maximum absolute discrepancies 
being 0.0148 and 8.2034 MJ/kg respectively for LM and 0.0048 and 8.6719 MJ/kg respectively for RP. Both 
models follow a similar pattern across 90% of the dataset, this further shows the similarity between the 
predicted and the actual HHV and underlines the advantage of nonlinear regression model in the prediction of 
variation between the input and output variables. The results obtained in Figure 3 and 4 could improve if the 
moisture content were ignored in the development of the model [27], but the significance of this parameter in 
practical application of MSW means that it should be accounted for. 
 
Figure 3. Predicted HHV for resilient back propagation (RP). 
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Figure 4. Prediction of HHV based on Levenberg Marquardt (LM). 
Figure 5 and 6 shows the regression analysis of the network output and the input for training, validation, 
testing, and overall dataset. The regression between the network input and the target function for RP and LM 
are 0.9704 and 0.9857 respectively. This shows that LM have better coefficient of regression which translates to 
better explaining power than RP; the explanatory power of LM is 2% greater than RP. Both learning algorithms 
showed that the ANN output are in close agreement with the actual HHV. 
 
Figure 5. Regression analysis for RP. 
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Figure 6. Regression analysis for LM. 
Table 4 presents the evaluation of the accuracy of the model based on RMSE, MAD, MAPE and CC. 
Both algorithms showed better performance with good coverage when tested and validated. However, the 
comparative analysis of their performance metrics showed that LM has lower RMSE (3.095), MAD (0.328) 
and higher CC (0.986), though at the expense of lower MAPE which is obtained in the case of RP algorithm. 
The improved MAPE value obtained based on RP may have benefitted from improved speed of convergence, 
less sensitivity to the training parameters [55] and minimum learning steps attributed to RP. 
To ensure the validity of the developed model, the statistical measures were compared for GP and MLR 
developed by Boumanchar et al [34]. A comparison with the GP with LM and RP shows that the CC is the 
same for RP but lesser than LM. Also, the RMSE observed in GP is lesser than RP and LM, though at the 
expense of CC. The MLR shows the highest RMSE and lowest CC of all the models reported. It is safe to 
conclude that both LM and RP algorithms can be used for the prediction of the HHV of MSW since the 
variation in their performance is low. 
Table 4. Evaluation indices for the models. 
Metrics RP LM GP [34] MLR [34] 
RMSE 3.587 3.095 2.865 4.3559 
MAD 2.409 0.328 - - 
MAPE (%) 21.680 22.483 - - 
CC 0.970 0.986 0.970 0.9459 
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Table 5. Experimental and predicted HHV based on different models. 
Experiment 
Deviation 
LM RP Shi etal [37] Meraz et al [33] Kathiravale et al [31] 
17.960 0.346 3.991 2.710 2.841 4.204 
17.400 0.126 0.305 1.770 1.607 3.177 
16.850 0.169 5.828 1.907 1.806 4.290 
16.050 0.008 12.480 3.134 3.107 3.391 
15.337 0.165 11.035 1.670 0.199 2.866 
14.663 0.028 3.326 2.272 2.091 2.092 
9.960 0.227 3.096 9.898 5.374 9.213 
9.780 0.208 8.362 10.026 8.142 10.106 
8.221 0.137 2.260 3.367 0.004 3.791 
6.030 0.013 1.477 5.025 0.672 6.105 
5.691 0.056 2.254 16.786 0.152 0.012 
3.970 0.862 1.640 15.111 0.008 17.572 
2.772 0.228 0.171 0.196 0.032 0.210 
1.416 0.086 0.025 1.292 1.395 0.960 
1.314 0.044 0.109 0.044 0.158 1.432 
0.779 0.015 0.083 0.107 0.016 0.005 
0.523 0.009 4.301 0.016 0.084 3.523 
0.437 0.052 0.172 0.084 0.017 2.698 
Also, the model developed in this study was further juxtaposed with the existing linear correlation from 
the literature. The comparison was only drawn with the correlations that used MSW as their dataset and based 
on this, Shi et al [37], Meraz et al [33], and Kathiravale et al [31] were selected. All the correlations were 
developed based on the data that was applied in this study to ensure the uniform condition. The deviation of the 
correlations from the actual experimental data and MLP-ANN model is shown in Table 5. The LM-based 
model shows the least deviation from the experimental results compared to the RP-based model. This may have 
been due to the inherent ability of the ANN model to learn the hidden patterns and adapt to non-linear 
distribution of the data, which is not the strength of linear regression. 
Conclusions 
The MSW ultimate analysis data with different sort of waste were applied to develop MLP-ANN model 
given the simplicity of this approach as only little calculation is required. This model was applied to predict the 
HHV of MSW as an avenue for waste to energy production. It was concluded that both LM and RP algorithms 
can be used for the prediction of the HHV of MSW, however, the LM-based model performs better than the 
RP-based model. This tool will be very useful in decision-making process for the designing of thermal 
conversion system and accelerate the MSW to energy conversion process. Further study will include the larger 
dataset with an ANN optimization, in order to further improve the robustness of the model. 
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2.7.  Article 6 
Geospatial investigation of physico-chemical properties and thermodynamic parameters of 
biomass residue for energy generation 
Under revision in Biomass conversion and Biorefinery, Springer  
This manuscript under revision was motivated by our objective to compare the physicochemical 
properties and thermal behavior of biomass residue sourced from Africa.  In this case, corn cob was 
applied due to his abundance in Africa. Nigeria and South Africa were considered since they are 
the major economies in Africa and also the leading producer of corn. The corn cob was subjected 
to the same laboratory conditions and was milled to the same particle size. 
In this article a comprehensive investigation of the physicochemical properties of corncob were 
carried out. Also, the thermodynamic parameters were determined based on thermogravimetric 
analysis (TGA). Different heating rate were used while two non-isothermal methods; Flynn–Wall–
Ozawa (FWO), and Kissinger–Akahira–Sunose (KAS) methods were applied. Analysis of variance 
(ANOVA) was carried out at 95% confidence level to determine the level of significance of 
geospatial effects. All the associated experimental standards were considered in this study. 
The result gave an indication that geographical location may affect the structural, elemental, 
thermodynamic properties and activation energy of biomass. Therefore, further studies should 
explore the co-combustion of biomass from different geospatial location in other to further test the 
ideal of regional biomass integration. 
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Abstract 
Biomass represents vast under-explored feedstock for energy generation across the globe. Among other factors, 
the location from where the feedstock is harvested may affect the overall properties and the efficiency of bio-
reactors used in the conversion process. Herein is reported some physicochemical properties, the kinetic study 
and thermodynamic analysis of corn cob sourced from two major economies in sub-Sahara African region. 
Brunauer Emmett and Teller (BET) analysis was performed to investigate the surface characteristics of corn cob 
while Fourier Transform Infrared Spectroscopy (FTIR) revealed the corresponding functional group present in 
the selected biomass residue. The proximate and CHNSO analyses were performed using the standard equipment 
and following the standard procedures, then the result is reported and compared based on the geographical 
locations under consideration. Also, the thermal decomposition study was carried out at different heating rate (10, 
15, 30 Cmin-1) in inert atmosphere while the kinetic parameters were evaluated based on Flynn–Wall–Ozawa 
(FWO), and Kissinger–Akahira–Sunose (KAS) methods The Analysis of variance (ANOVA) showed that there 
is a  statistically significant difference between ultimate constituents, the fixed carbon, and volatile matter obtained 
from the two countries at 95% confidence level. FTIR showed different spectra peak in both samples which means 
there are varying quantity of structural elements in each feedstock. The pore surface area (1.375 m²/g ) obtained 
for corncob from South Africa (SC25) was greater than the value (1.074 m²/g ) obtained for Nigeria (NC25). From 
the result, the highest value of activation energy, (Ea =190.1 kJmol-1 and 189.9 kJmol-1) was estimated for SC25 
based on KAS and FWO methods respectively. The result showed that geographical location may somewhat affect 
some energetic properties of biomass and further provides useful information about thermodynamic and kinetic 
parameters which could be deployed in the simulation, optimization and scale-up of the bioreactors for pyrolysis 
process.  
Keywords:  Corn cob, Geospatial investigation, Physicochemical properties, Power generation, Pyrolysis, 
Thermodynamic parameters. 
 
1. Introduction 
The deleterious consequences of unabated consumption of fossil fuel are too enormous to be ignored. As of year 
2018, the world population was estimated at 7.63 billion [1]. It is obvious that the fossil fuel may not be able to 
support the energy demand of the emerging population, which is growing at an exponential rate [2-4]. Apart from 
the population issue, the by-products generated from fossil fuel breakdown during its use are very harmful to the 
environment and have been heavily implicated in greenhouse gas (GHG) emission [2]. Global decarbonization 
which is at the centre of Paris agreement on climate change can be achieved through the expansion of renewable 
energy technologies [5-7]. Consequentially, it has been saddled on all the economic sectors to evolve green and 
clean strategies in support of environmentally-friendly energy resource generation in order to halt further damages 
to our planet while reducing the carbon emission. Interestingly, the evidence across the globe has largely been 
positive toward the capability of the renewable energy sector to play a vital role in regional socio-economic 
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development. More so, the implementation of integrated renewable energy (RE) resources across many regions 
offers opportunity for regional energy development and job creation if all the related logistics and diplomatic 
criteria are well addressed. 
While the future energy mix which would provide the needed RE is a nexus of sources, biomass fuel promises to 
play a significant role. Generally, affordable, dependable, sustainable and modern energy, implies energy 
availability in various forms (liquid, solid, gases) and ready for use in different sectors of the economy. This is 
where the overarching benefits of biomass are highlighted. For instance, there is no evidence yet to prove that 
wind energy can directly replace the aviation fuel, while the intermittency and uncertainties related to solar energy 
may not position it as the immediate substitute, though with the advance in research and technologies, we cannot 
rule out such in the future. Biomass is positioned as the main entry point by which substantial renewable energy 
generation can be sustainably accomplished in order to ensure inclusive energy access. According to IEA latest 
market forecast [29], modern bioenergy will account for the highest growth in RE between 2018 and 2023, this 
further highlight the critical role of biomass in the development of robust RE portfolio. Biomass has the potential 
in making a giant stride towards carbon-neutral chemical and fuel production. It can be converted to two energy-
related products, which are transportation fuels and heat [8]. The fuel generated, especially from the agricultural 
residue and the other third generation biofuels [9] can be applied in electricity generation, transportation, heating 
and cooling across all the economic sectors of the society, considering criteria such as energy efficiency, 
applicability, environmental impact, and flexibility. Biomass can be sourced from agricultural residue, energy 
crop, energy grasses, wood residue, forest residue, and municipal waste [10, 11].   
In the developing countries, the application of biomass has shown promises towards the improvement of bioenergy 
generation. Among the developing countries in Africa, sub-Saharan region which currently hosts the two largest 
economy (Nigeria and South Africa) in the continent are well known as one of the largest hub in agricultural 
production, and biomass has been their main source of energy since the ancient time [12-14]. As at 2018, the gross 
domestic product (GDP) of Nigeria and South Africa were estimated at 397 and 366 billion USD respectively 
[15]. The agricultural residue generated in Nigeria was estimated at 145.62 MT as of 2013 [16] while agricultural 
practices contributed 0.8 % of 3.1 % economic growth which was experienced by South Africa in the last quarter 
of 2017. From these countries, much residue is generated from corn, which makes corn cob very abundantly 
available. Corn cob is a part of above-ground material of the corn which are left after the grains have been 
removed. It has been previously classified as a waste since its economic value was not well understood. But recent 
development has led to its improved use in support of bioenergy generation toward the reduction of fossil fuel 
dependency [17, 18]. Globally, as at 2017, 7.42 % of corn produced is from Africa (Table 1) with 16.82 MT and 
10.42 MT from South Africa and Nigeria respectively (Figure 1). 
Table 1. Annual corn production in the world and Africa between 2000-2017 [19] 
Year Africa (MT) World (MT) % Africa 
2000 43.8 592.0 7.40 
2001 41.4 615.2 6.74 
2002 45.0 603.6 7.45 
2003 45.6 645.1 7.07 
2004 48.3 729.5 6.62 
2005 50.4 714.2 7.05 
2006 50.2 707.9 7.09 
2007 48.4 792.7 6.11 
2008 58.4 829.2 7.04 
2009 60.0 820.1 7.32 
2010 66.2 851.7 7.78 
2011 65.9 886.7 7.43 
2012 71.9 875.0 8.21 
2013 71.1 1,016.2 7.00 
2014 79.1 1,039.3 7.61 
2015 73.6 1,052.1 6.99 
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2016 73.5 1,100.2 6.68 
2017 84.2 1,134.7 7.42 
 
Figure 1. Corn production in Nigeria and South Africa between 2000-2017 [19] 
In overall, regional planning of biomass from different geospatial locations could be of advantage to national 
planning and the achievement of regional emission reduction target while addressing the wider concerns related 
to bioenergy production. Indeed, biomass footprint in a country should take cognizance of the consequential effect 
on the neighbouring countries. But, there is a general agreement by the research community that biomass feedstock 
variability is the root cause of many technical challenges hampering the global commercialization of integrated 
biorefinery, IBR [20].  These variability which affect the properties of biomass include; climatic condition and 
season of the year, age of plant, transport and storage condition, soil type, geospatial components and tillage 
treatment so on [21-25]. Therefore, the properties of the biomass feedstock need to be understood for a successful 
utilization in energy generation. Specifically, the conversion of biomass to energy is contingent on the 
understanding of the constituents and various properties which can impact the techno-economic suitability and 
enhance the development of modern and efficient conversion technologies. Several authors have investigated the 
ultimate, proximate and the heating value of corn cob [18, 26-28]. Most recently, Djatkov et al. [28] investigated 
the parameters that influence the mechanical-physical properties of pellet fuel made from corn cob and Mostafa 
et al. [27] follow up with a similar analysis on the significance of the pelletization operation conditions. The 
authors are not aware of any study which have investigated the geospatial effect on surface properties, and 
functional groups of corn cob. The most recent investigation which considered the surface area ( though not on 
geospatial basis ) was carried out by Leal et al [20], and this was only limited to corn stover and not corn cob, 
which is a component of corn stover. In order to facilitate an informed choice of biomaterial for energy generation, 
the physicochemical properties which include the crystalline phases, surface area, the pore sizes, and the 
functional group, attributed to a feedstock, need to be well understood. Also, the knowledge of thermal 
decomposition of bioenergy feedstocks and thermodynamic parameters are of high significance in the conversion 
of biomass and the development of reactors in a large scale pyrolysis process [29].  Thermodynamic parameters 
provide a useful engineering tools which can be applied to the thermal conversion process and are useful in the 
feasibility assessment [30, 31].Although the kinetics of biomass and the thermodynamic parameters have been 
studied by some research groups [29, 31-35], there is a need to further investigate the thermodynamic parameters 
of corn cob while also drawing a comparison on the geospatial basis. 
There has been advocacy for regional integration of bioresources. For instance, clustering and energy integration 
have recently emerged in the field of biomass energy supply chain. This motivated Lam et al. [36] to propose 
regional clustering approach in biomass resources integration using a novel regional energy clustering (REC) 
algorithm Also, several studies have discussed regional integration of biomass with focus on supply chain 
management [36-39]. Biomass belong to the mainstream of Europe bioeconomy strategy which was adopted in 
2012 and revised in 2018 [40], and has been a popular trade commodity across the countries in this region [41]. 
Interestingly, biomass from agriculture is the main driver of the overall biomass trade and the growth in its demand 
has caused a substantial rise in the volume of international trade. Further down in the southern hemisphere of 
Africa, Southern Africa Development Community (SADC) made provision for the utilization of RE through 
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regional integration and development of renewable energy resources. This RE resources include biomass which 
substantially emanate from agricultural practices which forms one of the major parts of their economy [42]. 
Authors are not aware of any study which have carried out a geospatial comparison of the properties of corn cob 
from Nigeria and South Africa. Yet, the effect of geospatial component on the feedstock properties needs to be 
clearly understood, to provide a first-hand knowledge of the dynamics of biomass resource integration from 
different geographical locations with significant longitudinal and latitudinal variances. In view of this and based 
on the motivated possibility of regional integration of bioresources, this study (i) investigates the physicochemical 
properties of corn cob sourced from Nigeria and South Africa, (ii) evaluates the thermal decomposition and 
estimates the thermodynamic parameters of corn cob sourced from Nigeria and South Africa, (iii) and finally 
compares the experimental results obtained from each country. The rest of this study is sectioned as follows: 
section 2 discusses the materials and methods used in this study, section 3 presents the results obtained and further 
discusses the findings in this study and finally, section 4 presents the conclusions to this investigation. 
 
2. Materials and methodology 
 
2.1. Biomass sampling and pre-treatment 
Corn cob was acquired from two geospatial location; the first in Tshwane municipality in Gauteng province, South 
Africa (25° 52' 48.95" S, 28° 22' 33.16" E ) in November 2018 and the second in Ile-Ife, Osun State, Southwest 
of Nigeria (7° 17' 0" N, 4° 28' 0" E) in April 2018 using purposive sampling technique. The samples were gathered 
at different months because the peak period for corn production was different for the two countries. The biomass 
residue was air-dried for seven days in an open-air and then further dried in an oven at 45 0C for 48 h. The earth 
and other contaminants were removed manually to avoid external influence on the results as much as possible. 
The samples were manually downsized to around 1 cm using a knife and then stored in an air-tight Ziplock bag. 
Further to this, the dried biomass was pulverized using vibratory disk milling machine. The particles were sieved 
to sizes passing < 250 μm. The sieved samples were stored in an air-tight bag and kept in a desiccator at room 
temperature. 
2.2. Experimental procedure 
This section describes the experimental methods and procedures which were adopted in this study. In order to 
determine the feasibility of corn cob feedstock for energy generation, the characterization of the feedstocks was 
based on several physicochemical parameters which may have significant effect on the conversion pathway of 
biomass fuel [21]: 
• The proximate analysis, which includes percentages of volatile matter (VM), fixed carbon (FC), and ash 
content (Ash). 
• Ultimate analysis to determine the carbon, C, hydrogen, H, oxygen, O, sulphur, S, nitrogen, N content. These 
elements are the major component of biomass and they determine its fuel efficacy and gross contribution to 
greenhouse gas emission (GHG) to a large extent.  
• The high heating value (HHV), which was determined experimentally using eco-bomb calorimeter and 
empirically using some existing empirical relation in the literature. 
• Brunauer Emmett and Teller (BET) analysis to determine the particle size distribution, pore surface area and 
volume. 
• X-ray Diffraction Analysis (XRD) analysis to determine crystal phases of various biomass samples 
• Fourier Transform Infrared Spectroscopy (FTIR) to understand the presence and distribution of different 
function groups 
• Thermogravimetric (TG) analysis to investigate the devolatilization characteristics and variation for different 
biomass samples 
Table 2 shows the measuring equipment and the standard deviation with associated physicochemical parameters 
which were measured. Based on the number of parameters which were investigated the total number of samples 
are seventy-two (72) with thirty- six (36) each for SC25 and NC25. 
 
Table 2. Biomass properties and measurement equipment with standard deviation 
Parameter Units Measuring equipment Standard 
deviation 
Number of 
replications 
Volatile matter % Thermolyne Furnace 6000 0.02 3 
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Fixed carbon % 0.02 3 
Ash % 0.02 3 
Carbon, C % 
Thermo scientific FLASH 
2000 CHNS analyser 
0.12 3 
Hydrogen, H % 0.03 3 
Nitrogen, N % 0.009 3 
Sulphur, S % 0.002 3 
HHV MJ/kg Cal2k Eco calorimeter 0.02 3 
TG analysis % STA 7200V TG Analyser  3 
 Pore size nm 
Micromeritics ASAP2460 0.001 3 Pore volume cm3/g 
Pore surface area m2/g 
FTIR 
(Transmittance 
peak) 
%T IRAffinity-1S 0.02 3 
XRD arb  Rigaku miniflex 0.02 3 
Total number  
of sample 
   36 
 
 
2.2.1 Proximate analysis 
The proximate analysis of biomass was obtained based on the ASTM standards [43-48]. All the proximate analysis 
were carried out under controlled temperature, time, weight, and equipment in compliance with ASTM E1755-01 
[48]. The experiments were performed in triplicate to ensure repeatability. The moisture content of biomass 
samples was estimated with a convection furnace based on the procedure prescribed in ASTM [45]. The high-
temperature alumina crucible was  first heated at 105 ± 3℃ for 3hrs; it was then removed and allowed to cool 
down to room temperature inside the desiccator and the weight, 𝑤𝑤𝑐𝑐 was recorded. The 3g of the sample were 
added to the crucibles and the weigh, 𝑤𝑤𝑖𝑖 was recorded. The crucibles were heated in a controlled atmosphere at 105 ± 3℃ for 24hrs then removed and allowed to cool down to room temperature in the desiccator. It was then 
weighted to the nearest 0.1mg. The sample were place back in the furnace at the same temperature until constant 
weight, 𝑤𝑤𝑓𝑓 was attained. Then the moisture and total solid content was calculated as follows: 
𝑀𝑀𝑀𝑀𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑀𝑀(%) = (𝑤𝑤𝑖𝑖 − 𝑤𝑤𝑐𝑐) − �𝑤𝑤𝑓𝑓 − 𝑤𝑤𝑐𝑐�
𝑤𝑤𝑖𝑖 − 𝑤𝑤𝑐𝑐
× 100 (1) 
 
The volatile matter is the fraction of moisture-free content that evolved when biomass is heated to high 
temperature in an inert atmosphere. The volatile matter that is released during the heating process may be from 
inorganic source and organic source. The design of biomass power plant and thermal decomposition can be 
affected by the volatile matter since high volatility promotes low-temperature fuel ignition which can impact 
efficiency of a combustion process [49]. The moisture-free sample was heated for 7mins at 950 ± 10℃ in the 
absence of air. The crucible was then removed and allowed to cool in the desiccator. The weight of the crucible 
with sample after 7mins of heating, 𝑤𝑤𝑓𝑓950 was recorded. Then the volatile matter, VM was calculated on dry basis 
as follows; 
𝑣𝑣𝑀𝑀𝑣𝑣𝑣𝑣𝑀𝑀𝑖𝑖𝑣𝑣𝑀𝑀 𝑚𝑚𝑣𝑣𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀,𝑉𝑉𝑀𝑀(%) = �(𝑤𝑤𝑖𝑖 − 𝑤𝑤𝑐𝑐) − �𝑤𝑤𝑓𝑓950 − 𝑤𝑤𝑐𝑐�
𝑤𝑤𝑖𝑖 − 𝑤𝑤𝑐𝑐
× 100� − 𝑀𝑀(%) (2) 
 
The ash content is detrimental to the pyrolysis process since the deposits on the boiler tube could decrease the 
heat transfer. In addition, a high percentage of ash could increase the logistic cost such as; maintenance, 
transportation, ash treatment, dust emission and so on. Ash content affects the rate of pyrolysis of the biomass 
sample. In order to determine the ash content, the biomass sample was measured into the crucible and then placed 
in the furnace which was maintained at 575±10 ℃ for 3 hrs. The crucible was then removed and placed in the 
desiccator to cool down. The weight, 𝑤𝑤𝑓𝑓575 of the crucible with sample after 3 hrs of heating was then recorded.  
The process was repeated until the constant weight was obtained. The repetition was to allow the removal of all 
remaining volatile and unburnt carbon. The weight difference gives the ash content [50]. 
 
𝐴𝐴𝑀𝑀ℎ 𝐶𝐶𝑀𝑀𝐶𝐶𝑀𝑀𝑀𝑀𝐶𝐶𝑀𝑀,𝐴𝐴𝑀𝑀ℎ(%) = �𝑤𝑤𝑓𝑓575 − 𝑤𝑤𝑐𝑐�
𝑤𝑤𝑖𝑖 − 𝑤𝑤𝑐𝑐
× 100 (3) 
 
The fixed carbon provides information about the optimum resident time for a complete process. The fixed carbon 
content (FC) was calculated based on the expression as given in Eq. (4). 
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𝐹𝐹𝐶𝐶(%) = 100 − ( %𝑉𝑉𝑀𝑀 + %𝐴𝐴) (4) 
 
where FC, VM, are proximate values for fixed carbon content and volatile matter on dry basis. 
 
2.2.2  Ultimate analysis 
The Elemental analyser was used to determine the ultimate properties of corn cob samples. Prior to the analysis, 
the elemental analyser was calibrated using 5 tins capsules packed with a 5L-cystine test, with 0.1mg biomass 
samples in each capsule. The milled biomass sample of 0.1mg by weight was added to a tin capsule and then 
heated to 9800C with a continuous supply of helium- enriched oxygen gas. The data obtained through this process 
was then analysed in order to determine the elemental composition of the biomass. The weighted percentage of 
carbon C, hydrogen H, sulphur S, nitrogen N were determined, and the percentage of oxygen O was determined 
based on the mean difference: 
 
𝑂𝑂(%) = 100 − (𝐶𝐶 + 𝐻𝐻 + 𝑁𝑁 + 𝑆𝑆)   (5) 
 
 
2.2.3 Heating value 
The heating value of a fuel is defined as the energy evolved per unit volume of the fuel during a complete 
combustion process. When all the moisture content is condensed out of a combustion sample, the high heating 
value HHV is obtained. The HHV of the biomass samples were determined using calc 2k Eco bomb calorimeter 
[51]. The Cal2k Eco calorimeter consist ; the calorimeter, filling station, and vessel. The vessel which hold the 
sample is filled with compressed air at 3000kPa and 250C at the filling station, before firing inside the bomb 
calorimeter. Cal2k Eco calorimeter requires the ancillary components which include; the gas defiller cap, pressure 
gauge, cotton, crucible, scale balance, firing wire, and electrode. The vessel was first calibrated before the testing, 
corn cob sample of 0.5g was then used for each test. A cotton thread was attached to the platinum ignition wire 
and submerged in the sample. The pressurized vessel was placed in the bomb calorimeter and the lid was closed 
as prompted. After the calorific value of the sample is displayed, the vessel was removed and outgassed. The HHV 
was validated using empirical correlations which have been previously developed based on the ultimate and 
proximate analysis. The tests were performed in triplicates in order to ensure the reliability of the result and the 
average result was presented. 
 
2.2.4 Fourier Transform Infrared Spectroscopy (FTIR) 
FTIR has evolved as a method which can be applied to explain the structure and functional groups which may be 
present in the biomass. It is a non-destructive method used for qualitative and quantitative estimation. The 
functional groups inherent in the corn cob was characterized with PerkinElmer FT-IR spectrum GX specification. 
10 mg dry sample was thoroughly mixed with 200 mg KBr and compressed to form pellets. The spectra were 
obtained at a total scan time of 20 sec within the infrared (IR) range of 400-4000 cm-1 at 1 cm-1 step size. Table 7 
shows the most prominent functional group and the wavenumber. 
 
2.2.5 Brunauer Emmett and Teller (BET) Analysis 
This method was invented by three scientists; Stephen Brunauer, P.H Emmet and Edward Teller in the year 1938 
[52]. It is built on the principle of desorption and adsorption of a gas on the surface of materials. The amount of 
gas which is adsorbed and releases at a specific pressure is the basis for the determination of pore surface area. It 
is a cheap, fast and dependable method which has gained application in many fields [52-54]. The probing gas for 
this process is selected in such a way that there is no reaction between the material surface and the adsorbate gas 
that is used to determine the specific surface area. It is important to understand the surface characteristics of 
biomass since it has effect on solid handling and transportation [20]. BET measurements were achieved using a 
Micromeritics ASAP2460 surface area and porosity analyser. Before this analysis, milled corn cob was degassed 
with nitrogen at 90 0C for 12 h. It is worth noting that the sample mass before and after degassing was less than 
0.005 g; which shows that the sample was relatively moisture-free during the transferring, weighing, loading and 
unloading operations. Proper sample drying was a critical factor in obtaining reliable results in specific surface 
area (SSA) measurements. Re-uptake of moisture in samples was mitigated by immediately placing a rubber 
stopper over analysis tube while weighing and transferring to the instrument. All the measurements were carried 
out at −196 °C. The pore volume, pore surface area, and pore sizes were calculated from the adsorption curves 
using the Barrett-Joyner-Halenda (BJH) model [20, 55]. 
 
 
2.2.6 X-ray Diffraction Analysis (XRD) 
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An understanding of the phases of a biomass and the data on the cell component can be obtained from X-ray 
Diffraction, XRD. In this case, the finely grounded corn cob sample was scanned through ranges of 2𝜃𝜃 angles so 
as to achieve all possible diffraction routes. For the XRD analysis, the milled biomass samples were analysed 
using Rigaku mini flex 600 powder diffractometer which is equipped with Cu Κ𝛼𝛼 radiation source generated at 
18 kW and 250 mA. The XRD spectra were obtained at a room temperature. High angle, HA measurement was 
performed at a range of  2𝜃𝜃 =10-50 0 at a step rate of 0.4 0/min, since the most significant result was obtained 
within this range. Three spectra were considered for each of the replicated sample. The XRD pattern which was 
obtained was processed with Match! Version 2 software package [56]. 
 
2.2.7. Thermogravimetric (TG) Analysis  
In order to study the kinetics of corn cob NC25 and SC25 under pyrolysis conversion condition, the simultaneous 
thermal analysis (STA) was performed. This techniques is the combination of thermogravimetric analysis and 
differential scanning calorimetry under a controlled atmosphere which is inert (nitrogen) atmosphere in this study 
[35]. In order to eliminate system errors, the baseline against which the TG curves were corrected was first 
established. Also, each heating rate was performed three times to ensure the repeatability of the experiment within 
2% error margin. Since the solid-state kinetic data is of major interest in thermal processes, the kinetic parameters 
such as activation energy 𝐸𝐸𝑎𝑎 and pre-exponential or frequency factor 𝑘𝑘0 were obtained using iso-conversion solid-
state kinetics [32, 33]. Generally, pre-exponential factor is related to the entropy of the interacting molecules with 
the accompanied reactions. Also, 𝐸𝐸𝑎𝑎 is defined as the minimum amount of energy required to initiate a chemical 
reaction. It means that these two parameters are used to determine if there is a possibility of reaction in the 
pyrolysis of corn cob and at what minimum energy will this reaction be initiated. Specifically, there is an inverse 
relationship between the rate of pyrolysis and the activation energy.  
Two kinetics models which are Flynn–Wall–Ozawa (FWO), Kissinger–Akahira–Sunose (KAS) were evaluated 
in order to determine the activation energy and the frequency factor for NC25 and SC25. The reaction rate is a 
function of change in conversion per unit time and it is a function of the conversion rate, α, given in Eq. (7) such 
that; 
 
𝑑𝑑𝛼𝛼
𝑑𝑑𝑀𝑀
= 𝑘𝑘0(𝑇𝑇)𝑓𝑓(𝛼𝛼)       (6) 
The 𝑓𝑓(𝛼𝛼) is the model of reaction for heterogenous conversion process and reaction constant  𝑘𝑘0(𝑇𝑇) is 
fundamentally governed by Arrhenius equation, which is an indication of the effect of temperature on the rate of 
reaction. Therefore, conversion degree 𝛼𝛼 and 𝑘𝑘0(𝑇𝑇) can be expressed as Eq.(7) and Eq.(8): 
 
𝛼𝛼 = 𝑚𝑚0 −𝑚𝑚𝑡𝑡
𝑚𝑚0 − 𝑚𝑚∞
 (7) 
 
where 𝑚𝑚0 is the initial mass, 𝑚𝑚𝑡𝑡  is the mass at the time t and 𝑚𝑚∞ is the final mass of the residue as recorded 
using weigh balance. 
 
𝑘𝑘0(𝑇𝑇) = 𝑘𝑘0𝑀𝑀−𝐸𝐸𝑎𝑎𝑅𝑅𝑅𝑅 (8) 
 
where 𝑘𝑘0 is the pre-exponential Arrhenius factor, 𝐸𝐸𝑎𝑎 is the activation energy, T is the absolute temperature (K). 
Assuming that temperature is a function of time and increases with a constant heating rate 𝛽𝛽(℃ 𝑚𝑚𝑖𝑖𝐶𝐶−1), then 𝛽𝛽 
is given as Eq. (9) 
 
𝛽𝛽 = 𝑑𝑑𝑇𝑇
𝑑𝑑𝑀𝑀
= 𝑑𝑑𝑇𝑇
𝑑𝑑𝛼𝛼
× 𝑑𝑑𝛼𝛼
𝑑𝑑𝑀𝑀
 (9) 
Therefore, based on Eq. (8) and (9); Eq. (10) is generated thus;  
𝑑𝑑𝛼𝛼
𝑑𝑑𝑇𝑇
= 𝑘𝑘0
𝛽𝛽
𝑀𝑀−
𝐸𝐸𝑎𝑎
𝑅𝑅𝑅𝑅.𝑓𝑓(𝛼𝛼) (10) 
The combination of Eqs. (9) and (10) can be expressed as Eq. (11); 
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𝑔𝑔(𝛼𝛼) = ∫ 𝑘𝑘0
𝛽𝛽
𝑀𝑀−
𝐸𝐸𝑎𝑎
𝑅𝑅𝑅𝑅 𝑑𝑑𝑇𝑇𝛼𝛼
0
=  𝑘𝑘0𝐸𝐸𝑎𝑎
𝛽𝛽𝑅𝑅
 ∫ 𝑣𝑣−2𝑀𝑀−𝑣𝑣𝑑𝑑𝑣𝑣∞𝑦𝑦 = 𝑘𝑘0𝐸𝐸𝑎𝑎𝛽𝛽𝑅𝑅 𝑃𝑃(𝑦𝑦) (11) 
where 𝑔𝑔(𝛼𝛼) represent the integral form of the reaction model and 𝑃𝑃(𝑦𝑦)  is an approximated temperature integral 
equation, with 𝑦𝑦 = 𝐸𝐸𝑎𝑎
𝑅𝑅𝑅𝑅
 . It is noted that Eq. (11) does not have exact solution, therefore an approximated solution 
for this integral expression is used on the development of isoconversion methods. The approximation equation of 
Doyle and Murray-white are respectively associated with FWO and KAS methods [31]. 
Given that 𝑦𝑦 = 𝐸𝐸𝑎𝑎
𝑅𝑅𝑅𝑅
 and the function 𝑃𝑃(𝑦𝑦) is non-exact solution, rearrangement and approximation of Eq. (11) with  
𝑃𝑃(𝑦𝑦) = 𝑦𝑦−2𝑀𝑀−𝑦𝑦 is an expression of KAS method [57, 58] Eq. (12) while FWO method Eq. (13) is derived based 
on Doyle’s approximation [59]. 
 
KAS: 𝑣𝑣𝐶𝐶 � 𝛽𝛽
𝑅𝑅𝑝𝑝
2� = 𝑣𝑣𝐶𝐶 � 𝑘𝑘0𝐸𝐸𝑎𝑎𝑅𝑅𝑅𝑅(𝛼𝛼)� − �𝐸𝐸𝑎𝑎𝑅𝑅𝑅𝑅� (12) 
 
FWO: 𝑣𝑣𝐶𝐶𝛽𝛽 = 𝑣𝑣𝐶𝐶 � 𝑘𝑘0𝐸𝐸𝑎𝑎
𝑅𝑅𝑅𝑅(𝛼𝛼)� − 1.052 �𝐸𝐸𝑎𝑎𝑅𝑅𝑅𝑅� − 5.331 (13) 
 
2.2.8 Estimation of thermodynamic parameters 
The theoretical equation which were derived from activation complex theory (Eyring theory) based on activation 
energy and frequency factor were used to estimate the thermodynamic parameters [34]. Thermodynamic 
parameters are represented by  change in Gibbs free energy ΔG, enthalpy ΔH, and entropy ΔS and it is presented 
in Eqs. 11-13 below:  
 
ΔG=𝐸𝐸𝑎𝑎 + 𝑅𝑅𝑇𝑇𝑝𝑝𝑣𝑣𝐶𝐶 �𝑘𝑘𝐵𝐵𝑅𝑅𝑝𝑝ℎ𝑘𝑘0 � (14) 
 
ΔH=𝐸𝐸𝑎𝑎 − 𝑅𝑅𝑇𝑇 (15) 
 
ΔS=�
ΔH−ΔG
𝑅𝑅𝑝𝑝
� (16) 
 
The ΔG signifies the available energy of in system, ΔS signifies the degree of disorderliness while ΔH represents 
the differences between the energy of the reagent and the activation complex. Tp  is the maximum peak 
temperature observed from differential thermogravimetric curve (DTG), ℎ is the plank constant which is given by 
6.626x10-23 J.s and  𝑘𝑘𝐵𝐵 is the Boltzmann constant 1.381x10-23 JK-1. 
 
 
3. Results and Analysis 
 
3.1. Ultimate and proximate analyses 
The information about the ultimate constituents, volatile matter (VM), ash content (Ash), fixed carbon (FC) and 
HHV of corn cob were obtained and presented in Table 3. Nigeria and South Africa were presented alongside 
some other countries. The analysis of variance (ANOVA) of ultimate constituents for geospatial locations at 95 
% confidence level showed that there is a statistically significant difference between the mean value of the ultimate 
constituents (𝑝𝑝 = 4.53 × 10−15,𝐹𝐹 = 1016.6 > 𝐹𝐹𝑐𝑐𝑐𝑐𝑖𝑖𝑡𝑡 = 3.259). Therefore, it can be concluded that the ultimate 
properties may be affected by the geospatial location from where the corn cob was sourced. Further review of the 
variance showed that only significant difference in the elemental composition was between the S, O and C content. 
More so, there is a  statistically significant difference between the mean value of the proximate constituents (𝑝𝑝 =1.46 × 10−6,𝐹𝐹 = 261.7 > 𝐹𝐹𝑐𝑐𝑐𝑐𝑖𝑖𝑡𝑡 = 5.143) with the greatest variation observed between the FC, and VM. These 
result were further compared with Bijoy et al. [60] and Demirbas et al. [61].  
The lowest value of H/C was obtained for NC25 while the lowest value of O/C was observed for Demirbas et al. 
[61]. The lower O/C is an indication of higher energy content since the sample with lower O/C has greater energy 
content and higher heating value. This is due to stronger chemical bonding between C-C than in O-C bonds [62].  
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The higher Ash obtained by Bijoy et al. [60] may reduce the heating efficiency since the ash deposit on the boiler 
tube will decrease the heat transfer. From another perspective, the higher Ash may be beneficial as it may be used 
as a catalyst in thermal conversion technologies [63]. There are several geospatial based factors which may have 
accounted for the disparities observed in these properties, these include; the varying local climatic condition, soil 
and planting condition, fertilizer requirement and so on. Moreover, the feedstock was gathered at different time 
of the year which coincide with the peak planting period in these countries [8, 21].  
Table 3: Comparative analysis of the Ultimate and Proximate properties of corn cob on dry basis 
Corn cob  NC25 SC25 Demirbas et al.  [31] Bijoy et al [33] 
Location Osun state 
Nigeria 
Gauteng province 
South Africa 
Turkey Dehradun district 
India 
FC 8.00±0.3 5.50±0.29 18.54 6.54 
VM  90.40±0.1 93.20±0.1 80.10 91.16 
Ash  1.60±0.08 1.30±0.07 1.36 2.30 
C 46.20±0.2 44.80±0.2 46.58 42.10 
H 5.40±0.1 5.50±0.1 5.87 5.90 
O 47.90±0.1 48.60±0.1 45.46 51.02 
S 0.20±0.001 0.79±0.001 0.01 0.48 
N 0.30±0.01 0.31±0.01 0.47 0.50 
HHV(MJ/kg) 18.70±0.25 18.50±0.27 18.77 16.00 
H:C 1.39 1.46 1.50 1.67 
O:C 0.78 0.81 0.73 0.91 
 
The results obtained from the experiment was compared with two empirical relations based on the elemental 
composition and proximate value as presented in Table 4 and 5. The proximate analysis-based empirical relations 
was closer to the experimental value obtained in this study compared to the relations based on the elemental 
analysis. 
Table 4. Estimated heating value based on Ultimate analysis 
 
 
Table 5. Estimated heating value based on Proximate analysis 
 
 HHV(MJ/kg) 
NC25  SC25 Max dev 
Channiwala and Parikh [64] 26.90 27.00 9.00 
Demirbas et al. [65] 29.60 29.60 11.70 
Present study 18.70 18.50 0.00 
 HHV(MJ/kg) 
NC25  SC25 Max dev 
Parikh et al. [66] 16.90 16.50 -1.00 
Demirbas et al. [65] 16.40 16.00 -1.50 
Present study 18.70 18.50 0.00 
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3.2. BET analysis  
The results of the surface properties are presented in Table 6. The pore surface area obtained for NC25 and SC25 
were in good agreement with literature values [20, 67, 68]. The pore surface area obtained for SC25 was greater 
than the value obtained for NC25 for the same particle size (250 𝜇𝜇𝑚𝑚). ANOVA was carried out to further show 
the impact of the geospatial location on the surface properties of corn cob and the impact of interaction between 
variables that define the surface properties. At 95 % confidence level, the statistical difference between SC25 and 
NC25 was significant (𝑝𝑝 = 0.00556,𝐹𝐹 = 46.2911 > 𝐹𝐹𝑐𝑐𝑐𝑐𝑖𝑖𝑡𝑡 = 9.5521). Further investigation showed a 
significant variation between the parameters that define the surface properties of corn cob. Pore size was found to 
show the greatest variation while the pore volume showed the least. Interestingly, pore sizes have a consequential 
effect on the pore surface area and the pore volume. From the storage life and bioavailability point of view, SC25 
showed better behaviour, given its lower pore size which could enhance storage life, bioavailability and 
transportability [69]. It should be noted that there is a tendency that the observed surface area may be lower than 
the actual due to a likelihood of microstructure collapse attributable to the drying and freezing during analysis.  
Figure 2 shows the isotherm plot. The adsorption isotherm does not display any significant broad hysteresis loop 
since there is close matching between the adsorption and desorption process [70, 71]. Although similar isothermal 
pattern was obtained for the two feedstocks (NC25 and SC25), the quantity of gas absorbed were different between 
the relative pressure of  0.5-0.9.    
Table 6. Surface properties of corn cob obtained. 
Biomass 
feedstock 
Particle size 
(𝝁𝝁𝝁𝝁) Pore volume (cm3/g) Pore surface area (m²/g) Pore size (nm) 
NC25 250 0.006713 1.074 24.9961 
SC25 250 0.006445 1.375 18.7473 
SD  ±0.0001 ±0.05 ±0.4 
 
 
Figure 2: N2 sorption isothermal plot for corn cob 
As a further indication of the distribution of surface properties within a particular sample , pore size distribution 
for corn cob was presented in Figure 3. There was a close agreement between the pore size distribution obtained 
for the two feedstocks. This is expected since the particle was ground to the same sizes and under the same 
grinding conditions. 
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Figure 3: Pore size distribution for corn cob 
3.3. Fourier transformation-infra red spectroscopy (FTIR) for corn cob 
FTIR has been widely employed to study either the individual component or the structure of biomass. The band 
position and bond types were obtained from the IR spectrum table and chart [10, 72]. The FTIR spectra of the 
corn cob samples are shown in  Figure 4. Ranges of peaks which correspond to different functional groups were 
observed in the feedstocks. Different combination of structural carbohydrates (cellulose, hemicellulose and lignin) 
were observed. Table 7 shows the peak position and the corresponding function group relevant to this study. The 
major peak at A2 and B2 from 990 to 1035 cm-1 is caused by C-O valency vibration, C-O, C=C and C-C-O 
stretching. The broad peak observed at A6 and B6 ( 3200-3750 cm-1 ) is due to O-H stretching and mainly represent 
of Phenol carboxylic acid and water impurities [10, 73].  All the peaks observed in the two feedstocks fall within 
the same band position, meaning that the same functional ground can be found in both NC25 and SC25 from 
Nigeria and South Africa respectively. However, the spectra peaks were different along some band positions (A1 
and B1, A2 and B2, A4 and B4, A5 and B5, A6 and B6, A7 and B7) in both samples. This implies that despite a 
similar functional groups, the composition of the structural elements is different. For instance, the OH stretching 
found in NC25 is closer to the upper limit of the band compared to the SC25.  
 
 
Figure 4: FTIR spectra of corn cob showing different peaks 
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Table 7: Prominent peak in FTIR analysis of NC25 and SC25 
 B-Observed  
Peak-SC25 
(cm-1) 
A-Observed 
Peak-NC25 
(cm-1) 
Band position 
(cm-1) 
Functional group 
1 768.65 763.82 550-850 C-Cl alkyl halides stretch 
2 1031.97 1031.93 990-1035 C-O valency vibration, C-O, C=C and C-C-
O stretching 
3 1507.4 1507.40 1442-1,516 Aliphatic C-H stretching, alkanes C-H 
scissoring and bending, Aromatic C-C ring 
stretching 
4 2329.09 2324.26   
5 2883.63 2894.24 2860-2928 Aldehydes C-O stretches, esters, ketones, 
carboxylic acids 
6 3328.23 3336.91 3200-3750 -OH stretching 
7 3736.18 3743.90 3200-3750 -OH stretching 
 
3.4. X-ray Diffraction (XRD) analysis 
The XRD analysis is depicted in Figure 5. The diffractogram characteristics of the NC25 and SC25 showed 
cellulose identifier. This is strongly justified by the presence of peak at 2θ angles values around 160 and 220. These 
values are at proximity to the peak angle obtained by Poletto et al. [74] and Darmawan et al. [75], though at 
different intensities and curve widths. SC25 showed the highest intensity and the lower narrow curve width 
compared to NC25. This could be due to the more regular crystalline structure of cellulose in the corn cob obtained 
from South Africa. Along the 2θ angles values, there was a sudden spike (peak intensity) at 37.9 0 and 44.1 0 for 
NC25. This pattern seems to be most possibly due to the presence K2CO3 identifier based on the energy dispersive 
x-ray spectroscopy (EDX) which may have affected the variation of cellulose with 2θ angle values [76, 77]. The 
implication of this higher value of K2CO3 has been reported by Mueller-Hagedorn et al. [78] when they noted that 
the higher concentration of K2CO3 substantially reduced the peak decomposition while Klopper et al. [77] 
observed the promotion of cellulose pyrolysis effect and char formation due to the same compound. It is important 
to take cognizance of this effect in view of the need for bioresources integration.  
   
Figure 5: XRD analysis of corn cob. 
3.5. Thermogravimetric analysis 
Figure 6 shows the thermogravimetric (TG) and differential thermogravimetric (DTG) curves for pyrolysis of 
corn cob (NC25 and SC25) from different geospatial location at a heating rate of 10, 15, 30 ℃ 𝑚𝑚𝑖𝑖𝐶𝐶−1 under inert 
(nitrogen) atmosphere. The heating rates was selected based on the optimal values which gave the high 
temperature resolution in the previous similar studies [79, 80]. The thermal characteristics of corn cob shows that 
the weight loss increases with temperature and the pyrolysis occur at three major stages (moisture drying, major 
degradation of less stable polymers and continuous devolatilization ) which means that the process is a multistep 
reaction [35]. The first stage is clearly distinct from the other two stages of weight loss and it was noted at a 
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temperature range between 25 ℃ and 135 ℃ depending on the heating rate. The weight loss at this stage is also 
observed to be low (less than 10%)  and it typifies the evaporation of absorbed cellular and surface moisture [32]. 
A separate peak was noted on DTG curve for this weigh loss zone, this may be as a result of loss of water and 
light volatiles in corn cob [79]. The second stage which is the active pyrolysis stage occurs between 250 ℃ and 
450 ℃ where the weight loss of  about 72% was noted, while the last stage occurs between 450 ℃ and progress 
to 750 ℃. At second stage, hemicellulose was the first to decompose due to its low degree of polymerization, and 
partial depolymerization reaction began for cellulose while the third stage which progress at less rapid rate typifies 
progressive decomposition of residual lignin and fixed carbon or degradation of complex high molecular weight 
component of corn cob [32].  
The intersecting peaks for SC25 and NC25 at various heating rates  is an indication of co-occurrence which means 
the two geospatial samples attain the same temperature and weight loss at a particular instance. This is significant 
for the co-pyrolysis of corn cob feedstock sourced from different locations as it determines the equilibrium weight 
loss at a particular temperature. It further indicates that the best performance  maybe attained at this point of co-
occurrence.  
As the heating rate increases, the TG and DTG curves shift to higher temperature due to reducing thermal 
conductivity of the corn cob and consequential increase in time required for heat to be transferred within the corn 
cob matrix [81]. The reaction that should ordinarily occur at lower temperature takes place at higher temperature 
leading to heterogenous reaction distribution and different mass spectrum of the resultant product. However, an 
interesting situation occurred at the heating rate of 10 ℃ 𝑚𝑚𝑖𝑖𝐶𝐶−1 on the TG curve for SC25 toward the tail end of 
its thermal degradation. It was observed that 20% residue remained at around 800 ℃. This may be due to the 
complex thermal degradation behaviour of lignin and its associated linkage structure at low temperature. The 
phenomenon associated to this change in the residual mass can be interpreted by the fact that biomass has a 
heterogeneous structure, varying number of constituents and percentage composition [82]. These constituents 
display their characteristic individual degradation behaviour at a definite temperature range in the pyrolysis 
process. The lignin which is degraded at the last stage of the process has a complex thermal decomposition 
mechanism. The difference in the lignin composition of the corn cob sourced from different geospatial location 
may have resulted in different degradation rate which may have been amplified at low heating rate. Moreover, the 
cleavage of some linkages within the lignin matrix may have resulted in the formation of high reactive and 
unstable free radicals which may have further reacted through reorganisation and electron abstraction to form 
products with higher stability [83, 84] which can only be decomposed further at higher heating rate. The greater 
amount of this linkages may have been responsible for this interesting behaviour at low heating rate. On the other 
hand, the variation in the inorganic content affect the lignin decomposition leaving high amount of residue, whose 
condensed structures are not further degraded into low volatile compounds [85, 86] except at higher heating rate.  
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Figure 6: TG and DTG curve for NC25 and SC25 under nitrogen atmosphere 
The average weight loss for SC25 is greater than NC25 at the heating rate of 30 ℃ 𝑚𝑚𝑖𝑖𝐶𝐶−1. As previously stated, 
The stage two may be corresponding to the degradation of hemicellulose and cellulose [31, 34, 79] and the third 
stage is attributed to the decomposition of lignin. This observation is consistent with studies which have shown 
that the degradation of lignocellulosic biomass starts with hemicellulose, then cellulose and lignin in that order 
[80]. While there was only slight difference in DTG peaks for the two samples at the heating rate of 15 ℃ 𝑚𝑚𝑖𝑖𝐶𝐶−1, 
notable difference in peak was observed at the heating rate of 30 ℃ 𝑚𝑚𝑖𝑖𝐶𝐶−1. The maximum weight loss rate of 
SC25 was estimated 29.94%/min whereas NC25 has the highest maximum weight loss rate (32.94%/min) and 
lower peak temperature (310 ℃). This may be an indication of higher cellulose and hemicellulose composition 
in NC25 since the peak is higher in this sample.  
3.6. Evaluation of kinetic parameters 
Generally, TG kinetic data provides a mechanistic understanding of thermal cracking and can be upscaled to the 
high heating rate situation which is obtainable in the industry. The kinetic parameters which include activation 
energy and pre-exponential factor can be estimated from TG data. These parameters are important in the design 
of pyrolytic reactor because of the need to attain optimal conversion. As shown in Figure 7, temperature has 
positive effect on the conversion efficiency [87, 88] which determines the amount of product obtained at the end 
of the pyrolysis. The conversion efficiency increases with the temperature, although there is slight difference in 
temperature for each sample at a given conversions rate due to different heating rates.  
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Figure 7: Temperature vs α curve at different heating rates. 
Figure 8 shows the energy requirement for the conversion of corn cob to various pyrolysis products. Initially, low 
activation energy is required but it subsequently increases until it reaches conversions rate (α =0.5). Also, different 
inclination which was observed at the conversions rate (α =0.1) is an indication of different values of activation 
energy. This observation is similar to Alves et al. [34] which they reported for red microalgae. At α =0.5, the 
activation energy of NC25 begins to decrease while that of SC25 further increase for the two isothermal methods 
which were applied in this study.  It is further noticed that the activation energy was the same for the NC25 and 
SC25 at an approximate conversions rate (α =0.375) and activation energy (Ea=175 kJmol-1 ).  
 
Figure 8: Ea vs α curve calculated based on FWO and KAS 
The average Ea and k0 for NC25 and SC25 based on FWO and KAS techniques are summarized in Table 8. 
ANOVA was carried out to show the effect of the geospatial location on the activation energy and pre-exponential 
factor of corn cob. At 95 % confidence level, the statistical difference between SC25 and NC25 was significant 
(𝑝𝑝 = 7.61 × 10−4,𝐹𝐹 = 1312.2 > 𝐹𝐹𝑐𝑐𝑐𝑐𝑖𝑖𝑡𝑡 = 18.5), but no significant difference  was obtained for the pre-
exponential factor (𝑝𝑝 = 0.9222,𝐹𝐹 = 0.0122 < 𝐹𝐹𝑐𝑐𝑐𝑐𝑖𝑖𝑡𝑡 = 18.5128). In order to establish the accuracy of the 
techniques, the correlation coefficient, R2 was calculated, and it shows that the two methods are of high accuracy 
though FWO is slightly more accurate than KAS. There is a similarity in the average Ea obtained based on FWO 
and KAS for the same sample though these values are different for different samples (NC25 and SC25). Also, 
there is a notable difference between the pre-exponential factor, k0. The highest value of Ea was estimated for 
SC25 (190.1 kJmol-1 and 189.9 kJmol-1) for KAS and FWO methods respectively. k0 is a constant characterized 
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by the nature of reaction and it is independent of temperature and the concentration of the substance. Based on 
FWO technique, NC25 has a narrow range of k0 compared to SC25. Considering the suggestion by Maia and de 
Morais [89], k0 above or below 109 s-1 is an indication of the end of complex reaction or a simple complex reaction 
respectively. Multistep decomposition process which was observed for the corn cob (NC25 and SC25) confirmed 
that there is complex chemical reaction which include the breaking of strong chemical bonds.  k0 values of NC25 
and SC25 is higher than the those of wheat straw (2.59E+13 s-1) ; Rice husk (1.57E+4 s-1); and wheat straw pellets 
(6.25E+06 s-1)  determined using numerical solution [90] and it is lesser than, equal to or greater than the values 
for pea waste (3.34E+16-1.23E+28 s-1) [91]. The effect of geospatial locations on pyrolysis was observed since 
the Ea and k0 were different for the two samples. The implication of these values is that it will require more energy 
to decompose SC25 compared to NC25. 
Table 8: Average Ea, k0 and R2 values of SC25 and NC25 based on FWO and Kissinger 
Sample KAS FWO 
Ea (kJmol-1) k0 (s-1) R2 Ea (kJmol-1) k0 (s-1) R2 
NC25 185.9 4.65E+16 0.9980 186 3.77E+16 0.9982 
SC25 190.1 9.46E+16 0.9768 189.9 7.26E+13 0.9773 
 
3.7. Thermodynamic analysis 
Thermodynamic parameters of the thermal degradation of corn cob (NC25 and SC25) in pyrolysis is presented in 
Table 9. The mean values of  ΔG, ΔH, ΔS were 165.72 kJmol-1,185.28 kJmol-1, and 33.88 Jmol-1K-1 respectively 
for SC25 and 166.49 kJmol-1, 190.40 kJmol-1, and 34.02 Jmol-1K-1 respectively for NC25. The value of the ΔS 
implies high reactivity and it further shows that less time is required for the formation of activation complex. The 
similar values of ΔG for SC25 and NC25 means that the pyrolysis process of the two samples require 
approximately the same amount of heat. This heat is lesser than what was obtained for some invasive aquatic 
microphytes ( water hyacinth, ΔG~414.68 kJmol-1 and yellow velvetleaf, ΔG~359.43 kJmol-1 ) [31] and pea 
waste (ΔG~ 143.20-147.80 kJmol-1) [91] but greater than the values obtained for Lentinus edodes (pileus, 
ΔG~135.42 kJmol-1 and stipes, ΔG~ 129.04 kJmol-1) [32] and spend mushroom substrate (ΔG~ 146.18-147.80 
kJmol-1) [33]. The lower ΔG shows that the pyrolytic reaction occurs with less energy requirement.  
Table 9: Thermodynamic parameters of SC and NC based on FWO at 15K/min 
Sample SC25 NC25 
α ΔH (kJmol-1) ΔG (kJmol-1) ΔS(Jmol-1K-1) ΔH (kJmol-1) ΔG (kJmol-1) ΔS(Jmol-1K-1) 
0.20 163.85 157.08 11.73 153.94 158.70 -8.32 
0.25 166.70 159.74 12.07 159.06 160.61 -2.71 
0.30 169.20 161.90 12.65 167.54 162.15 9.40 
0.35 174.41 163.66 18.63 172.86 163.93 15.60 
0.40 177.63 165.39 21.20 190.40 165.70 43.13 
0.45 190.83 167.27 40.80 203.28 168.04 61.51 
0.50 196.85 169.57 47.26 214.61 170.74 76.58 
0.55 204.84 171.99 56.90 189.83 172.48 30.28 
0.60 223.18 174.89 83.65 222.37 176.10 80.75 
Average 185.28 165.72 33.88 185.99 166.49 34.02 
 
4. Conclusion 
 
This study presents an important contribution to further the discuss on the regional integration of bioresources. 
The state of affair regarding the regional integration of bioresources were first discussed. Since the integration of 
biomass from different regional locations depend on detailed understanding of the physico-chemical properties 
and other parameters that are crucial to its utilization. The physico-chemical properties and thermodynamic 
parameters of corn cob sourced from two different geospatial locations in Africa were analysed under identical 
conditions. The thermal decomposition of both corn cob sourced from Nigeria (NC25) and South Africa (SC25) 
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exhibited an identical characteristics except at 30 ℃ 𝑚𝑚𝑖𝑖𝐶𝐶−1 where some disparities in the thermodynamic 
behaviour and energy parameters  were observed. The thermodynamic and kinetic parameters are sources of useful 
information which could be deployed in the simulation, optimization and scaling-up of the bio-reactors for 
pyrolysis process.  There were statistically significant differences in elemental composition, surface properties 
and activation energy. This further suggests that the geospatial location from where the biomass is sourced may 
have an impact on the properties. The results obtained further confirmed the feasibility of corn cob as a feedstock 
toward renewable energy generation while also reinforcing the possibility of co-combustion of similar feedstock 
from different geospatial locations. The investigation of different atmosphere for TGA analysis and different 
probe gases for surface properties characterisation is suggested for further research. Also,  similar studies like this 
but including other neighbouring countries with potential bioresources could be considered for regional 
integration. Utmostly, a model which predicts the optimal co-pyrolytic performance of corn cob and other 
bioresources toward energy sustainability can be developed.    
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2.8.  Article 7 
Blended tropical almond residue for fuel production: characteristics, energy benefits, and 
emission reduction potential 
Under revision in Journal of clean production, Elsevier 
This study was motivated by global availability of difference species of almond which has been 
used for various purposes. Also, more than 50% of the almond fruit is disposed as waste, which 
means there is an ample opportunity for conversion to other value-added products such as energy. 
The effect of blending and particle size variation were investigated in this manuscript. A 
comprehensive investigation of energetic parameters of blended tropical almond was carried out. 
The thermal behavior and the kinetic parameters were determined using three non-isothermal 
methods; methods (Flynn–Wall–Ozawa, Kissinger–Akahira–Sunose and distributed activation 
energy model). The standard ASTM procedure were followed in the determination of proximate 
properties while standard equipment was used for elemental composition. All the relevant 
experimental standards and procedure were considered. Analysis of variance (ANOVA) was carried 
out at 95% confidence level to determine the significance of particle sizes. 
The mineral components of ash were reported due to its significance in combustion process. The 
surface properties, functional groups, and the crystallinity of tropical almond blend were reported 
for the two particle sizes. Notably, the energy benefits and CO2 emission reduction potential were 
estimated. The highest energy potential is in USA (4.17 Mtoe) while Morocco has the highest 
emission reduction at 3.28 %. The result obtained showed that particle size reduction can enhance 
fuel activity, while the application of blended almond brings notable environmental benefits when 
compared to fossil fuel. 
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Blended tropical almond residue for fuel production: characteristics, 
energy benefits, and emission reduction potential 
Obafemi O. Olatunji1*, Stephen Akinlabi2, Nkosinathi Madushele1, Paul A. Adedeji1, Joe Ndolomingo3, Thivani 
Meshack3 
1Department of Mechanical Engineering Science, University of Johannesburg, South Africa 
2Department of Mechanical and Industrial Engineering, University of Johannesburg, South Africa 
3Department of Chemistry, University of Johannesburg, South Africa 
Abstract 
In addition to the nuts produced, almond cultivation generates several million tonnes of residue that include hulls, 
shells, leaves, pruning, inedible kernels which are valuable feedstocks in clean fuel production. In this article, 
blended tropical almond residue of varying particle sizes (NT15 and NT25) were investigated. The heating, 
proximate and ultimate values were reported while the chemical composition of the ash was determined. Also, 
the morphological characteristics and the inherent functional groups were determined for the particle sizes. The 
thermogravimetric analysis was also carried out to detail the thermal behaviour at different heating rate (10, 15, 
30 0Cmin-1) in inert environment while the kinetic parameters were evaluated based on three non-isothermal 
methods (Flynn–Wall–Ozawa, Kissinger–Akahira–Sunose and distributed activation energy model). Notably, the 
ash content was higher in the finer particle size NT15 (1.11 %) compared to NT25 (0.87 %). Low pore surface 
area (1.218-0.970 m²/g) agrees with literature values while a slight difference in pore size distribution was 
observed during adsorption at higher relative pressure. A representation of mixed functional group which include 
527 cm-1, 848 cm-1, 991 cm-1, 1035 cm-1, 1179 cm-1, 1597 cm-1, 1772 cm-1, 2849 cm-1 were noted with no 
significant difference between the two particle sizes. The average activation energy, Ea for NT15 and NT25 were 
in the range of 127.4-131 kJmol-1 and 129-133 kJmol-1  respectively for all the three methods, with the lowest Ea 
(127.4 kJmol-1) and compensation factor, K0  (1.29E+12 min-1) obtained for the smaller particle size (NT15) based 
on Kissinger–Akahira–Sunose method. Finally, the energy benefits and CO2 emission reduction potential were 
estimated. The highest energy potential is in USA (4.17 Mtoe) while Morocco has the highest emission reduction 
at 3.28 %. Among other findings, the results confirmed that almond blend has potential in clean fuel production.  
Keywords: Blended tropical almond, Clean fuel production, CO2 emission, Energy benefits, Pore surface area, 
Kinetic parameters. 
Nomenclature
𝐶𝑟ூ Crystallinity index 
𝐸௣ Possible energy produced by using whole 
almond fruit ( shell, and hulls) 
𝑃ே் Almond    Production in a country (kg) 
𝑈௖ Unit conversion (0.000277778 WhJ-1) 𝑓௦  Residue factor in a whole almond fruit (%) 
ANOVA Analysis of variance 
DAEM Distributed activation energy 
DTG Differential thermogravimetry 
FC Fixed Carbon 
FTIR Fourier Transformation Infrared 
FWO Flynn-Wall-Ozawa 
GHG Greenhouse Gas 
KAS Kissinger-Akahira-Sunose 
M Moisture content
Mtoe Million tonnes of oil equivalent 
RH Relative humidity (%) 
SEM Scanning Electron microscope 
TG Thermogravimetric 
VM Volatile matter 
XRD X-ray Diffraction
𝑓ሺ𝛼ሻ Mechanism function
𝛽 Heating rate (0Cmin-1)
* Contact author: tunjifemi@gmail.com
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1. Introduction 
The global concern around climate change, environmental pollution, energy security, and fossil fuel depletion has 
necessitated the need for an alternative energy source to the extent that it has become a topic of significant focus 
in achieving sustainable development goals (SDGs) 2030. The 17 goals of SDGs 2030 have 169 targets, which 
are aimed at socio-economic and environmental sustainability (de Oliveira Neto et al., 2019). Energy is the 
fulcrum on which the achievement of these SDGs are hinged and most countries are greatly depending on it since 
it engenders stability and economic growth of the society (Sáez-Martínez et al., 2016). Goal 7 of SDG 2030 is 
premised on ensuring access to affordable, reliable, sustainable and modern energy for all; while goal 13 
emphasises the imperative of urgent action to combat climate change (Perea-Moreno et al., 2018b, Olatunji et al., 
2019b, UN-SDG, 2019, Ussiri and Lal, 2017). In order to keep global warming at 1.5 °C, the net CO2 emission 
will have to fall by 45% from 2010 level by 2030 and reach a zero level by 2050 (Wuebbles et al., 2017, Olatunji 
et al., 2019a). There is fund flow from the international community which has reached $18.6 billion in 2016 in 
support of clean and renewable energy in the developing country (UN-SDG, 2019), also there is a devolution of 
financial instruments from fossil fuel exploration to encourage clean energy revolution (WorldBank, 2017). It is 
unlikely that fossil fuel will be able to support the energy demand of the emerging population which is growing 
at an exponential rate (Hashimoto, 2019, Lizunkov et al., 2018, Smil, 2019). More so, with the current trend of 
carbon emission tax, the energy production from fossil fuel will be significantly affected, with a tremendous 
impact on profitability. Therefore, an alternative source such as bioenergy can provide opportunity in reducing 
carbon emission tax, leading to more profitable energy production. 
Biomass can be converted to several energy-related products, which could be applied in electricity generation, 
transportation,  cooking, lighting, heating, and cooling (Scarlat et al., 2015, Khiari et al., 2019). More so, the 
design of biomass conversion systems depends on different physicochemical properties which are influenced by 
the class of biomass, climatic and soil condition, water, genetic strain, age, contaminants, pre-treatment methods, 
particle size and so on (Cai et al., 2017, Singh et al., 2017, Tumuluru, 2018, Thyrel et al., 2019, Mlonka-Mędrala 
et al., 2019)  
The source from which biofuel is derived is very vital to its sustainable exploration. The third generation of biofuel 
broadly classify into microalgae and macroalgae, have been widely investigated (Bajpai, 2019). Although they 
have short harvesting cycle with higher productivity, the overall capital cost of the production is higher than the 
agricultural biomass residue, therefore further intensive research is ongoing in order to achieve a reasonable cost 
advantage (Bajpai, 2019). Among several biomass resources which have been globally acknowledged, almond is 
the most cultivated tree nut (Phys.org, 2018).  Between 2010-2017, global almond production was estimated at 
16.4 MT; in 2017 alone 2.24 MT was produced (Fig. 1) (FAO, 2019). Tropical almond is highly dispersed in the 
tropical and subtropical region with one-third of the global population and 36 % of global landmass (Togibasa et 
al., 2019, Encyclopedic, 2019). It has been reported as a possible source of biodiesel with low risk of contributing 
to food shortages (Togibasa et al., 2019) since the major parts of the fruit are discarded as residue (ABOC, 2018). 
 
Fig.  1. Global almond production  
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There have been several attempts to characterize the properties of almond (Togibasa et al., 2019, Thomson and 
Evans, 2006, Queirós et al., 2019, Phys.org, 2018, González et al., 2005, Esfahlan et al., 2010, Akubude and 
Nwaigwe, 2016, Orhevba et al., 2016); most of these efforts were focused on the chemical, proximate and heating 
value of biomass with some few authors reporting the thermogravimetric analysis (Álvarez et al., 2016, 
Okoroigwe, 2015), but no known author has investigated the effect of blending and particle sizes on the 
physicochemical parameters of tropical almond blend. It is established that biomass particle size, blending and 
shape can influence the properties which in turn, affect fuel conversion process (Cong et al., 2019, Nozela et al., 
2018, Wang et al., 2018, Mlonka-Mędrala et al., 2019). Moreover, the surface properties, functional groups and 
the crystallinity of the tropical almond blend have not been reported. This study investigates the energy 
characteristics of blended tropical almond made from the almond fruit hull and shell which were milled to various 
particle sizes. Also, further insight regarding the energy and emission reduction potential was reported. This article 
is divided into 4 sections; the introduction, materials and methods, results and discussion, and the conclusions. 
 
2. Materials and Methods 
 
2.1 Biomass feedstock collection 
 
The tropical almond fruits were collected at a geographical location of Modakeke (7031’35.75” N, 4031’37.75” 
E), Osun state in April 2018. It was sundried for 7days at 33.9 0C before storing at room conditions. The resulting 
product was then manually cracked to remove the seeds, thus leaving behind the residue (hull and shell). The 
visible contaminants were carefully removed using manual method. Pulverization was done using a vibratory disk 
milling machine and the particles were sieved to sizes passing <250 μm (NT25) and <150 μm (NT15) sieves. The 
sieved tropical almond blend samples were stored in an airtight Ziplock bag and kept in the desiccator at room 
temperature while waiting for the characterization. The characterization of the feedstocks was based on several 
physicochemical parameters, which have a significant effect on the conversion pathway and fuel properties of 
biomass.  The schematic diagram of this analysis is presented in Fig. 2. 
Tropical Almond
Sample collection
-Physical 
Analysis
-BET
-XRD-
-Heating value
-TGA
-SEM
Ultimate analysis 
( C, H, O ,N, S)
FTIR
Van Krevelen Plot
Cleaning, 
Downsizing and 
Storage
Experimental 
Analysis
Empirical 
Analysis
 
Fig.  2. Schematic diagram for Tropical almond analysis 
2.2. Proximate Analysis 
 
The proximate value of tropical almond which includes M, VM, and Ash was determined according to ASTM 
standards (E871-82, 2013, E872-82, 2013, E1755-01, 2015) while FC was calculated by differences. All the 
proximate analysis were carried out under controlled temperature, time, weight, and equipment in compliance 
with ASTM E1757-01 (2015). Using elemental analyser, the weighted percentage of C, H, S, N were determined, 
and the percentage of O was calculated based on the mean differences. The chlorine content was determined 
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according to ASTM E776-16 (2016) while the major elements in Ash were determined based on ASTM D3682-
13 (2013). 
2.3. Calorific Value 
The heating value was experimentally determined using Cal2k Eco calorimeter (DDS, 2018). The vessel was first 
calibrated, then the tropical almond blend of 0.5g was used for each test. The HHV was validated using empirical 
correlations that have been previously developed based on the ultimate and proximate analyses. 
2.4.  Brunauer Emmett and Teller (BET) Analysis 
 
It is built on the principle of desorption and adsorption of a gas on the surface of materials. It is a cheap, fast and 
dependable method that has gained application in several fields (Zhang and Luo, 2018, Che et al., 2019, Brunauer 
et al., 1938). In this study, BET measurements were achieved using a Micromeritics ASAP2460 surface area and 
porosity analyser. Before this analysis, the tropical almond blend powders were degassed with nitrogen at 900C 
for 12 h. A sample size of 2.5g was used, while re-uptake of moisture in sample was mitigated by immediately 
placing a rubber stopper over the analysis tube (Leal et al., 2019). All the measurements were carried out at −196 
°C and the pore volume, surface area, and sizes were calculated from the adsorption curves using Barrett–Joyner–
Halenda (BJH) model (Betiku et al., 2019, Bingwa et al., 2017). 
2.5. X-ray Diffraction Analysis (XRD) 
 
For the p-XRD analysis, the samples were analysed using Rigaku miniflex 600 powder diffractometer which is 
equipped with Cu Κ𝛼 radiation source generated at 18 kW and 250 mA. High angle (HA) measurement was 
performed at a range of  2𝜃 ൌ10-50 0 at a step rate of 0.4 0/min. The p-XRD pattern which was obtained was 
processed with Match! Version 2 software package (Crystal-Impact, 2013). The crystallinity index, 𝐶𝑟ூ was 
estimated as in Eq. (1) (Segal et al., 1959, Singh et al., 2017); 
 
𝐶𝑟ூ ൌ ൤𝐼ଶఏ െ 𝐼௔௠𝐼ଶఏ ൨ ൈ 100 (1) 
Where 𝐼ଶఏ is the intensity at the HA for crystalline portion of the tropical almond blend, while 𝐼௔௠ is the peak of 
the amorphous portion. The crystallite size, 𝐷଴଴ଶ was calculated from wide angle XRD using Debye-Scherrer 
equation Eq. (2)  (Holzwarth and Gibson, 2011); 
𝐷଴଴ଶ ൌ Κ𝜆Β଴଴ଶ 𝑐𝑜𝑠𝜃 (2) 
 
Where K is Scherrer constant and it is 0.9 in the case of  Cu Κ𝛼 radiation source, Β଴଴ଶ  is the full width at half 
maximum of the peak (FWHM) in radian, 𝜆 ൌ 0.154060𝑛𝑚 is the wavelength of X-ray for Cu Κ𝛼 and 𝜃 is the 
angle of diffraction (in radian). 
2.6. Fourier Transform Infrared Spectroscopy (FTIR) 
 
The functional group inherent in the tropical almond blend was characterized with PerkinElmer FT-IR spectrum 
GX specification. The 10 mg dry sample was thoroughly mixed with 200 mg KBr and compressed to form pellets. 
The spectra were obtained at a total scan time of 20sec within the infrared, IR range of 400-4000 cm-1 at 1 cm-1 
step size. Table 1 presents the most prominent functional groups and the wavenumbers. 
Table 1. FTIR functional groups  
Band position (cm-1) Assigned band 
480, 554 Aromatic ring, C-C stretching 
782, 815 C-H alkynes bending, C-H phenyl ring substitution bands 
875 Glycosidic linkage 
990 C-O valency vibration 
1035 C-O, C=C and C-C-O stretching 
1175 Alcohol C-O stretches, ethers, carboxylic acids 
1200,1215 O-H stretching, C-C + C-O stretch 
1270,1280 Aromatic ring vibration, Aromatic C-O stretching  
1,516,1616 Aromatic C-C ring stretching, C-H phenyl ring substitution 
overtones 
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2860,2928 Aldehydes C-O stretches, esters, ketones, carboxylic acids, 
Alkanes/aliphatic C-H stretching 
3200-3650 -OH stretching 
Sources: (Schwanninger et al., 2004, Singh et al., 2017) 
 
2.7. Scanning Electron Microscopy (SEM) 
 
The SEM analysis was performed on a Tescan Vega 3LMH scanning electron microscope with an accelerating 
voltage of 20kV, beam intensity of 17W/m2 and the scanning speed of 10𝜇𝑠/𝑝𝑖𝑥𝑒𝑙. The imaging of the particle 
was conducted in secondary electron (SE) imaging mode. 
               
2.8. TG Techniques  
 
TG analysis was carried out using STA 7200 thermal analysis system. The thermal behaviour was studied from 
25-900oC at a varying heating rate of 10, 15 and 30 0C/min in an inert atmosphere (N2) for different particle sizes. 
The level of pure nitrogen gas was monitored all through the experimental stages and kept at a flow rate of 
20ml/min.     
2.8.1. Kinetics Analyses 
The experimental results for TG were analysed based on the kinetic parameters of thermal decomposition using 
iso-conversion models (Huang et al., 2018, Zou et al., 2019). Three non-isothermal methods; Flynn–Wall–Ozawa 
(FWO), Kissinger–Akahira–Sunose (KAS) and distributed activation energy model (DAEM) were evaluated in 
order to compare the activation energy and the compensation (pre-exponential) factor for different particle sizes. 
The reaction rate is a function of change in conversion per unit time which is a function of the conversion degree 
(α), Eq. (3): 
𝑑𝛼
𝑑𝑡 ൌ 𝑘଴ሺ𝑇ሻ𝑓ሺ𝛼ሻ 
3 
Such that the reaction rate 𝑘଴ሺ𝑇ሻ and conversion degree 𝛼 can be expressed thus Eq.(4): 
𝛼 ൌ 𝑚଴ െ𝑚௧𝑚଴ െ 𝑚ஶ 
 4 
Where 𝑘଴ is the compensation (pre-exponential) factor, 𝐸௔ is the activation energy, T is the absolute temperature 
(K).  
𝑘ሺ𝑇ሻ ൌ 𝑘଴𝑒ି
ாೌோ் 5 
Assuming that temperature is a function of time and increases with a constant heating rate 𝛽ሺ𝐾𝑠ିଵሻ, then 𝛽 is 
given as Eq. (6) 
𝛽 ൌ 𝑑𝑇𝑑𝑡 ൌ
𝑑𝑇
𝑑𝛼 ൈ
𝑑𝛼
𝑑𝑡  
6 
Therefore;  
𝑑𝛼
𝑑𝑇 ൌ
𝑘଴
𝛽 𝑒
ିாೌோ்.𝑓ሺ𝛼ሻ 7 
The combination of Eqs. (6) and (7) can be expressed as Eq. (8): 
𝑔ሺ𝛼ሻ ൌ ׬ ௞బఉ 𝑒ି
ಶೌ
ೃ೅ 𝑑𝑇ఈ଴ =  ௞బாೌఉோ  ׬ 𝑣ିଶ𝑒ି௩𝑑𝑣ஶ௬ = ௞బாೌఉோ 𝑃ሺ𝑦ሻ 8 
Given that 𝑦 ൌ ாೌோ் and the function 𝑃ሺ𝑦ሻ is a non-exact solution. Rearrangement and approximation of Eq. (8) 
with  𝑃ሺ𝑦ሻ ൌ 𝑦ିଶ𝑒ି௬ is an expression of KAS method (Akahira, 1971, Kissinger, 1957) Eq. (9) while FWO 
method Eq. (10) is derived based on Doyle’s approximation (Doyle, 1961). 
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KAS: 𝑙𝑛 ൬ ఉ
೛்మ
൰ ൌ 𝑙𝑛 ቀ ௞బாೌோ௚ሺఈሻቁ െ ቀ
ாೌ
ோ்ቁ 9 
FWO: 𝑙𝑛𝛽 ൌ 𝑙𝑛 ቀ ௞బாೌோ௚ሺఈሻቁ െ 1.052 ቀாೌோ்ቁ െ 5.331 10 
DAEM assumes several irreversible independent parallel 1st order reaction with different activation energy (Wang 
et al., 2017) and it is expressed in Eq. (11): 
DAEM: 𝑙𝑛 ቀ ఉ்మቁ ൌ 𝑙𝑛 ቀ
௞బோ
ாೌ ቁ െ ቀ
ாೌ
ோ்ቁ ൅ 0.6575 11 
The slopes of Eqs. (9-11) are used to determine the 𝐸௔ while the 𝑘଴ is determined from the intercept for 𝛼 ൌ 0 െ0.9. 
3. Results and Discussion 
 
The energetic properties of the tropical almond were obtained and compared based on the particle sizes and with 
other almond parts. 
 
3.1. Proximate and Ultimate Analyses 
 
The proximate and ultimate constituents of tropical almond blend for different particle sizes (NT25 and NT15) 
are presented in Table 2. The analysis of variance (ANOVA) for ultimate constituents at 95 % confidence level 
showed that there is no statistically significant difference between the mean values of the ultimate constituents 
(𝑝 ൌ 0.6219,𝐹 ൌ 0.6090 ൏ 𝐹௖௥௜௧ ൌ 3.4903). Therefore, it can be concluded that ultimate properties may not be 
prominently affected by the particle size. It is noted that there is slightly higher VM and ash content in NT15 
compared with NT25. This may be attributed to more rapid heating resulting from larger surface area, likely 
brittleness of inorganic materials and a reduced pore diffusion path length which could have led to the reduction 
in the extent of secondary interaction among the particles (Yu et al., 2005, Bridgeman et al., 2007, Liu and Bi, 
2011).  
Table 2. Ultimate and Proximate analysis of tropical almond blend 
Sample This study (NT15) This study (NT25) 
M % 6.70 േ 0.3 6.64േ0.2 
FC % 11.26േ0.3 12.1േ0.3 
VM % 80.93േ0.1 80.39േ0.1 
Ash  % 1.11േ0.07 0.87േ0.09 
C % 49.13േ0.2 49.13േ0.2 
H % 5.23േ0.1 5.23േ0.1 
O % 44.66േ0.1 44.66േ0.1 
S % 0.02േ0.001 0.02േ0.001 
N % 0.96േ0.01 0.96േ0.01 
Cl % 0.02േ0.002 0.02േ0.002 
HHV MJ/kg 25.07േ0.2 23.26േ0.3 
 
The FC is lowest in the tropical almond blend while it is highest in the almond shell residue as presented in Table 
3. Also, the ash content in tropical almond blend is lowest compared to other almond parts. This implies that 
smaller ash handling equipment will be required, while there is a lower tendency for ash deposition on the boiler 
components (Sanderson et al., 1996, Perea-Moreno et al., 2018a). From another perspective, the higher ash content 
may be beneficial as the ash may be used as a catalyst in thermal conversion technologies (Brinchi et al., 2013).  
The molar ratio H:C and O:C is related to energy availability. The lowest H:C value which is approximately 1.26 
was observed in tropical almond blend while the highest value (1.46) was found in almond shell. This is due to 
7 
 
the presence of more energy in C-H bonds relative to C-C bonds of the tropical almond blend (Gómez et al., 2016, 
Jenkins et al., 1998). 
Of interest is the sulphur S, chlorine Cl and nitrogen N content of the tropical almond blend, since the essence is 
not only to determine the fuel properties of the biomass but also its potential contribution to greenhouse gas (GHG) 
emission (Olatunji et al., 2018a). Almond hulls residue has the greatest N (1.2 %) content, while the tropical 
almond blend has the lowest S (0.02 %) content. The lower sulphur content in tropical almond blend is appealing 
for energy production since the formation of acidic rain is less likely (González et al., 2005). Chlorine plays a 
major role in deposit formation and its presence increases the corrosion of tubes used in biomass power plants. 
The average value of Cl (0.02 %) is the same with almond hulls and lesser than almond shells (0.06 %).  However,  
varying properties may not be due to the blending and particle sizes only, but a combination of interacting factors 
such as growing condition, climate, soil and so on (Olatunji et al., 2018a, Vassilev et al., 2010). The HHV of 
25.07 MJ/kg and 23.26 MJ/kg were obtained for NT15 and NT25 respectively, which is higher than the values 
obtained for other samples (wood almond residue, almond hull, and shell). 
Table 3. Comparative study of different almond biomass feedstocks 
 Almond sample This study 
(NT15)  
This study 
(NT25) 
Wood-almond 
residue (Miles 
et al., 1995, 
González et al., 
2005) 
Almond hulls 
(Miles et al., 
1995), (Jenkins et 
al., 1998)  
Almond shell  
(Demirbas, 2004,  
González et al., 2005) 
M % 6.7 6.64 22.7 6.5 7.2 
FC  11.26 12.1 12.3 18.8 20.2 
VM % 80.93 80.39 59.7 69 69.5 
Ash  % 1.11 0.87 5.3 5.7 3.1 
C  % 49.13 49.13 52.4 59.6 50.3 
H  % 5.23 5.23 6 6.4 6.2 
O % 44.66 44.66 41.2 41.7 42.5 
S % 0.02 0.02 0.04 0.07 0.05 
N % 0.96 0.96 0.4 1.2 1 
Cl % 0.02 0.02 0.03 0.02 0.06 
H:C 1.26 1.26 1.36 1.28 1.46 
O:C 0.68 0.68 0.59 0.52 0.63 
HHV MJ/kg 25.07 23.26 18.35 18.89 18.2 
 The ash yield may not provide sufficient information when the composition is not known. Therefore, Table 4 
presents the elemental oxides present in the ash of tropical almond blend. Ash composition varies with the biomass 
source. The degree of fouling, slagging and corrosion is closely related to ashes and elemental oxides which are 
released during thermal conversion (Vassilev et al., 2017). For all the samples, K2O, SiO2, and CaO respectively 
were the most abundant oxides: Tropical almond blend has 56 % K2O, 16.65 % SiO2 and 10.76 % CaO. 
Considering the ratio between SiO2, CaO, and K2O, the almond shell has the least tendency towards slagging, 
though higher value of chlorine (0.06 %) compared with other samples may lead to the formation of fouling 
compound when its Cl component react with K. 
Table 4. Elemental oxides in ash from almond  
Ash SiO2 CaO K2O MgO P2O5 Al2O3 SO3 Fe2O3 Na2O TiO2 
Almond shell 
(Vassilev et al., 2010) 
17.03 12.65 51.73 4.73 4.66 3.22 0.87 2.70 2.30 0.11 
Almond hulls 
(Vassilev et al., 2010) 
11.21 9.75 63.90 4.00 6.17 2.52 0.41 0.92 1.06 0.06 
NT15  16.65 10.76 56.00 4.02 5.57 2.70 0.61 1.90 1.70 0.09 
NT25 16.51 10.69 55.60 4.22 6.00 2.51 0.58 1.70 2.10 0.09 
 
Also, the HHV was estimated as presented in Table 5 and 6 based on the correlations derived from the proximate 
and ultimate analysis respectively. The correlation developed by Nhuchhen and Abdul Salam (2012) was the 
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closest to the experimental value, while the estimation based on elemental composition showed the greatest 
deviation with the closest to the experimental value been Lloyd and Davenport (1980). 
Table 5. Prediction based on proximate analysis  
Correlation      Predicted value  (MJ/kg) Min dev Ref 
(NT15) (NT25) 
𝐇𝐇𝐕 ൌ 𝟏𝟗.𝟐𝟖𝟖𝟎 െ 𝟎.𝟐𝟏𝟑𝟓ሺ𝐕𝐌𝐅𝐂
െ 𝟏.𝟗𝟓𝟖𝟒ሺ𝐀𝐬𝐡𝐕𝐌ሻ
൅ 𝟎.𝟎𝟐𝟑𝟒ሺ 𝐅𝐂𝐀𝐬𝐡ሻ 
 
20.90 21.01 4.17 (Nhuchhen and 
Abdul Salam, 
2012) 
𝐇𝐇𝐕 ൌ 𝟎.𝟑𝟓𝟑𝟔𝐅𝐂 ൅ 𝟎.𝟏𝟓𝟓𝟗𝐕𝐌െ 𝟎.𝟎𝟎𝟕𝟖𝐀𝐬𝐡 16.46 16.80 8.61 (Parikh et al., 
2005) 
𝐇𝐇𝐕 ൌ 𝟎.𝟑𝟓𝟒𝟑𝐅𝐂 ൅ 𝟎.𝟏𝟕𝟎𝟖𝐕𝐌 17.68 18.02 7.39 (Cordero et al., 
2001) 
𝐇𝐇𝐕 ൌ 𝟎.𝟐𝟓𝟐𝟏𝐅𝐂 ൅ 𝟎.𝟏𝟗𝟎𝟓𝐕𝐌 18.10 18.36 6.97 (Yin, 2011) 
 
 
Table 6. Prediction based on ultimate analysis 
 
 
 
3.2. BET analysis 
 
The surface properties of the tropical almond blend are given in Table 7. Apparently, pore surface area of  0.970-
1.218m²/g are in agreement with literature values (Barakat et al., 2014, Zu et al., 2014, Leal et al., 2019) and the 
pore volume and pore size are within the same range. NT15 is more reactive than NT25 due to larger surface area.  
Table 7. Surface properties of tropical almond blend  
from N2 adsorption  
Particle size 
(𝝁𝒎ሻ 
Volume  
(cm3/g) 
Surface area 
(m²/g) 
Pore size 
    (nm) 
NT15 0.008209 1.218    27 
NT25 0.007473 0.970     31 
 
Fig. 3 and 4 show the isotherm plot and pore size distribution for tropical almond, based on different particle sizes 
(NT15 and NT25). As expected, similar patterns were noticed for both NT15 and NT25. The adsorption isotherm 
does not display any significant broad hysteresis loop since there is close matching between the adsorption and 
desorption process. Th close matching between the desorption and adsorption curve may be an indication of the 
thermal stability of the sample. There are two characteristic regions noticed in the adsorption branch which are; 
lower pressure (P/Po<0.9) where the adsorption rate was lower and higher relative pressure (0.9<P/Po<1) where 
the uptake of a major amount of nitrogen took place (Ji et al., 2016, Mena-Durán et al., 2019), the slight difference 
between the particle sizes were noted in this range. 
Model Predicted value 
(MJ/kg) 
Max dev Ref 
𝐇𝐇𝐕 ൌ  𝟎.𝟐𝟑𝟎𝐂 ൅  𝟎.𝟕𝟔𝟏𝐇 ൅  𝟏.𝟐𝟒𝟕𝐍 ൅  𝟏𝟒.𝟐𝟓𝟗 30.74 5.67 (Abbas et al., 2013) 
𝐇𝐇𝐕 ൌ  𝟎.𝟑𝟕𝟎𝟖𝐂 ൅  𝟎.𝟎𝟎𝟏𝟏𝟏𝟐𝟒𝐇 –  𝟎.𝟏𝟑𝟗𝟏𝐎 
൅  𝟎.𝟑𝟏𝟕𝟖𝐍 ൅  𝟎.𝟏𝟑𝟗𝟏𝐒 12.32 12.75 (Meraz et al., 2003) 
𝐇𝐇𝐕 ൌ  𝟎.𝟑𝟓𝟕𝟖𝐂 ൅  𝟏.𝟏𝟑𝟓𝟕𝐇 –  𝟎.𝟎𝟖𝟒𝟓𝐎 ൅  𝟎.𝟎𝟓𝟗𝐍 
൅  𝟎.𝟏𝟏𝟏𝟗𝐒 19.80 5.27 (Lloyd and Davenport, 1980) 
𝐇𝐇𝐕 ൌ  𝟎.𝟑𝟓𝟏𝟓𝐂 ൅  𝟏.𝟏𝟔𝟏𝟕𝐇 –  𝟎.𝟏𝟏𝟎𝟗𝐎 ൅  𝟎.𝟎𝟔𝟐𝟕𝟔𝐍 
൅  𝟎.𝟏𝟎𝟒𝟔𝐒 18.45 6.62 (Boie, 1953) 
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Fig.  3. N2 sorption isothermal plot for the tropical almond blend  
The variation in the pore size distribution for the particle sizes presented in Fig. 4 is expected since the particles 
were ground to different sizes over different period of time. 
 
Fig.  4. Pore size distribution for tropical almond blend 
3.3. Scanning Electron Microscopy (SEM) 
 
SEM images of the particle sizes of tropical almond are given in Fig. 5 and 6. The surface of Fig. 5 appears 
smoother, with more closely packed grains and more visible microfibril. The microfibril with heterogenous 
distribution of micropores and rough texture noted in the NT15 may be an indication of varying resistance to 
degradation (Ämmälä et al., 2019). 
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Fig.  5. SEM image NT15                      Fig.  6. SEM image NT25 
3.4. X-ray Diffraction Analysis (XRD) 
Table 8 presents the XRD analysis with the information about the crystallinity indices as a function of absorption 
peak for the tropical almond blends of different particle sizes. The crystallinity of the surface of biomass is mainly 
due to the high molecular hydrocarbon and fatty components (CHEN et al., 2019), though the overall crystallinity 
is a broad function of the complex nature of bonding between the cellulose, hemicellulose, and lignin. The peak 
intensity,  𝐼଴଴ଶ and 𝐼௔௥௠ were obtained at 2θ=22.060 and 17.640 respectively for NT15 while it was obtained at 
2θ=21.040 and 16.060 respectively for NT25. The analysis revealed diverse crystalline structure in this biomass. 
The CrI was lesser (36.72%) in NT25 compared to NT15 (39.43%). This may be due to a prolonged period of 
mechanical actions such as shearing, and impact (Karimi and Taherzadeh, 2016). Also, greater CrI means that 
cellulose in the biomass feedstock has a higher percentage of the crystalline region compared to the amorphous 
region. It can be suggested that NT15 will be more biodegradable based on several investigations which have 
shown that biodegradability increases with higher crystallinity (Karimi and Taherzadeh, 2016). Easily 
biodegradable material gives an advantage in energy generation from biomass, especially in the pyrolytic 
conversion process. 
 
Table 8. Crystallinity Indices of tropical almond 
Almond blend 𝑰𝟎𝟎𝟐  𝑰𝒂𝒓𝒎 Crystallinity index 
(𝑪𝒓𝑰) 
Crystallite size 
(𝑫𝟎𝟎𝟐) 
NT15 1002 822 39.43 3.54 
NT25 1180 852 36.72 3.46 
 
Also, HA diffraction curve is shown in Fig. 7. The broad peak in NT25 which reflects the crystalline system in 
the sample is lesser than NT15. The sudden change in peak may be due to the different (cellulosic) components 
of tropical almond which were blended together. The steepness of these peaks is an indication of the changes 
which may take place during thermochemical processing of biomass (Xu et al., 2013). 
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Fig.  7. Tropical Almond high angle diffraction 
3.5. Fourier Transform Infrared analysis 
 
The FTIR analysis in Fig. 8 shows the functional groups which are present in tropical almond blend. It reflects a 
range of peaks which represent mixed functional groups that are available in this sample. From Table 1, the most 
prominent spectra peak occurs at 1035 cm-1 and it indicates the presence of C-O, C=C, and C-C-O stretching. The 
peaks in the range of 2860-3450 cm-1 reveal the presence of spectrum originating from -OH stretching, aliphatic 
C-H stretching bonds and stretching mode of carbonyl, mainly aldehyde, ketones, and ester. It is noted that there 
are no significant differences among the functional groups present in the particle sizes. 
 
Fig. 8. FTIR of tropical almond blends showing different peaks 
 
3.6. TG analysis  
 
3.6.1. Effect of heating rate on thermal properties 
The pyrolysis of the tropical almond at the temperature range of 25-980 0C is shown in Fig. 9. The mass reduction 
in the temperature range 60-200 0C was due to an initial moisture release. A single point of inflexion was observed 
on the TG curve. The increase in the heating rate appears to shift the curve to higher temperatures, possibly due 
thermal hysteresis effect which is related to the resistance of the material (Naik et al., 2010, Niu et al., 2013). The 
maximum weight loss (around 60 %) occur between 250 0C and 350 0C. This significant weight loss is due to 
dissociation and decomposition of the chemical bonds. Also, volatile hydrocarbon, cellulose, and hemicellulose 
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and some part of lignin are given off. Above 400 0C, there is a rapid change in the TG slope, which informed the 
slower weight loss as the temperature further increases. The remaining chars degrade at 500 0C and above, though 
at a different rate depending on the heating rate of the sample. The degradation becomes relatively stable at 800 
0C. From the DTG distribution curve, as the temperature increases, the weight loss increases, until it reaches a 
peak after which the weight loss rapidly decreased despite the increase in temperature. The magnitude of this peak 
is possibly due to the inherent moisture content of the sample (Yu et al., 2005). The sharp peak between 325 0C 
and 350 0C is due to the loss of cellulose and hemicellulose. As the heating rate increases from 10-30 0C min-1, 
the weight loss of the tropical almond increases and the peak value of the DTG curve shifted to a higher 
temperature. 
 
Fig. 9. TG and DTG of tropical almond blends. 
3.6.2. Effect of particle size on the pyrolysis 
The TG/DTG curves obtained at the heating rate of 15 0C/mins for different particle sizes are presented in Fig. 
10. The two different particles (NT15 and NT25) have a similar point of inflexion though with larger particle size 
(NT25), the curve slightly shifted toward higher temperatures, due to increase in heating time (Mlonka-Mędrala 
et al., 2019, Bidabadi et al., 2015). Consequentially, a limitation is placed on the volatiles evolving during 
pyrolysis which may lead to a decrease in the yield of pyrolysis gas (Lu et al., 2010). However, it is observed that 
the DTG curve for both particle sizes follow the same profile though at different peak values. The peak 
temperature of the NT25 and NT15 are 332 0C and 329 0C respectively. 
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Fig. 10. Effect of particle sizes on the thermal behaviour 
 
3.7.3 Determination of Kinetic Parameters 
The effect of particle sizes on the kinetic parameters of blended tropical almond was reported in Table 9 since 
there is not any known reported information on this. The activation energy and the compensation effects were 
calculated for α, the values indicated that Ea is highly dependent on α resulting from the multistep reactions due to 
the release of volatiles in the course of pyrolysis (Wang et al., 2019, Zou et al., 2019). The lower energy (Ea) 
required to initiate the reaction at α=0.2 may be due to weak intermolecular bonding among the particles 
(Mehmood et al., 2017, Zou et al., 2019). Ea estimated by FWO was higher than other methods for all α, which 
means the pyrolysis would occur at higher temperatures. The Ea estimate for both KAS and DAEM were the same 
though with different pre-exponential factors. The ANOVA between the average Ea of each particle size at 95 % 
confidence level showed that there is a statistically significant difference in kinetic parameters ሺ𝑝 ൌ 0.00036,𝐹 ൌ27447.5 ൐ 𝐹௖௥௜௧ ൌ 18.5ሻ.  The average Ea for NT15 and NT25 were in the range of 127.1-131 kJmol-1 and 129-
133 kJmol-1  respectively for all the three methods, with the lowest Ea (127.4 kJmol-1) obtained for the smaller 
particle size (NT15). This confirms that the thermal behaviour and the fuel reactivity is enhanced by reduction in 
particle size (Mlonka-Mędrala et al., 2019, Olatunji et al., 2018b). 
Table 9. Ea, A and R2 value of NT15 and NT25 based on KAS, DAEM and FWO 
Size α KAS DAEM FWO 
 
 Ea(kJmol-1) A (min-1) R2 Ea(kJmol-1) A (min-1) R2 Ea(kJmol-1) A (min-1) R2 
NT15 
0.2 72.4 4.74E+06 0.7207 72.4 2.45E+06 0.7207 77.3 2.59E+07 0.7648 
0.3 117.0 5.52E+10 0.9914 117.0 2.86E+10 0.9914 120.1 1.31E+11 0.9925 
0.4 130.8 4.79E+11 0.9964 130.8 2.48E+11 0.9964 133.5 9.75E+11 0.9969 
0.5 136.9 9.21E+11 0.9965 136.9 4.77E+11 0.9965 139.5 1.79E+12 0.9969 
0.6 148.9 6.50E+12 0.9994 148.9 3.37E+12 0.9994 151.0 1.11E+13 0.9995 
0.7 146.4 2.31E+12 1.0000 146.4 1.20E+12 1.0000 148.9 4.22E+12 1.0000 
0.8 131.8 2.78E+10 0.9965 131.8 1.44E+10 0.9965 135.5 6.90E+10 0.9970 
0.9 132.6 8.82E+08 0.9970 132.6 4.57E+08 0.9970 137.9 2.87E+09 0.9975 
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Avg 127.1 1.29E+12 
 
127.1 6.66E+11 
 
130.5 2.29E+12 
 
NT25 
0.2 75.7 1.05E+07 0.9404 75.7 5.44E+06 0.9404 80.5 5.31E+07 0.9515 
0.3 107.2 5.61E+09 0.9773 107.2 2.91E+09 0.9773 110.8 1.59E+10 0.9806 
0.4 119.8 4.02E+10 0.9851 119.8 2.08E+10 0.9851 123.1 9.75E+10 0.9871 
0.5 131.3 2.58E+11 0.9916 131.3 1.34E+11 0.9916 134.2 5.47E+11 0.9927 
0.6 142.7 1.68E+12 0.9965 142.7 8.73E+11 0.9965 145.2 3.14E+12 0.9969 
0.7 147.9 2.68E+12 1.0000 147.9 1.39E+12 1.0000 150.3 4.86E+12 1.0000 
0.8 164.3 9.00E+12 0.9139 164.3 4.67E+12 0.9139 166.6 1.51E+13 0.9236 
0.9 147.1 6.54E+09 0.7570 147.1 1.98E+02 0.7570 151.7 8.09E+03 0.8840 
Avg 129.5 1.71E+12 
 
129.5 8.86E+11 
 
132.8 2.97E+12 
 
 
4. Energy benefits and emission reduction potential 
The energy benefits and emission reduction potential for the replacement of fossil fuel with biofuels such as oil, 
coal and natural gas is determined based on Eq. 12 with fossil fuel as the baseline since the HHV and the 
almond production for each country is known (FAO, 2019).  
𝐸௣ ൌ 𝑃ே் ∙ 𝑓௦ ∙ 𝑅𝐻 ∙ 𝐻𝐻𝑉 ∙ 𝑈௖ 12 
 
Tropical almond blend is made from the blending of almond hulls and shells. Based on the recent data, almond 
residue ( hull and shell) represent 73 % of the total almond weight (ABOC, 2018),  therefore 𝑓௦ is assumed at 
73 %. Table 10 gives the almond produced in some major countries in the world with the equivalent energy 
potential and CO2 reduction for the year 2017 (Outlook, 2018). Since CO2 is the major component of GHG, a 
reasonable approximation of total GHG emission can be obtained by converting all other GHG to CO2 equivalent 
(Olatunji et al., 2018a, Ma, 1998, Perea-Moreno et al., 2018a).  The highest energy potential was obtained in the 
USA, Spain, and Morocco in that order. The comparison of total emission across different countries showed that 
Morocco has the highest emission reduction.  For a country like Morocco which heavily depends on imported 
fossil fuel to meet its energy demand, and with ambition to increase the renewable energy uptake to 52 % of the 
electric balance sheet by 2030 (Saghir and Naimi, 2019, Schinke et al., 2016), application of almond residue in 
biofuel production would be an interesting option both in term of energy potential and CO2 emission reduction 
(3.28 %). 
Table 10.  Energy and CO2 emission reduction potential of almond blend in 2017 
Country CO2 2017 
(Mtonnes) 
Pc(tons) Ep (GWh) Mtoe Mtonnes % CO2 
reduction 
USA 5014.14 1,029,655 48,523.10 4.17 17.32 0.35 
Spain 299.90 255,503 12,040.73 1.04 4.30 1.43 
Morocco 60.00 116,923 5,510.07 0.47 1.97 3.28 
Iran 622.10 111,845 5,270.76 0.45 1.88 0.30 
Turkey 388.50 90,000 4,241.30 0.36 1.51 0.39 
Italy 346.30 79,599 3,751.15 0.32 1.34 0.39 
Australia 412.30 75,373 3,552.00 0.31 1.27 0.31 
Algeria 127.80 61,943 2,919.10 0.25 1.04 0.82 
China 9229.80 51,953 2,448.32 0.21 0.87 0.01 
World 33242.50 2,239,697 105,547.05 9.08 37.68 0.11 
 
15 
 
 
5. Conclusion 
The physico-chemical, energy benefits and emission reduction potential of blended almond were evaluated. The 
effect of particle sizes on the proximate, ultimate, and thermal behaviour of this feedstock was reported. The result 
obtained proved that particle size reduction can enhance the reactivity of fuel and should be considered at the 
planning stages of thermal conversion process. The information obtained from the kinetic parameters can be useful 
in the simulation and optimization of thermochemical process. The HHV of tropical almond (25.07 MJ/kg ) is 
greater than other almond feedstock reviewed from the previous studies. Relatively, a country like Morocco would 
have significant CO2 emission savings. While fuel from blended almond residue may not provide the entire 
feedstock needed for sustainable biofuel production, its application will be beneficial in modular energy 
production. 
Data availability statement 
The raw data required to produce these findings cannot be shared at this time as data also forms a part of an 
ongoing study. However, it can be made available on request. 
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2.9.  Conclusion 
Chapter 2 reported various articles which have been submitted, published or accepted in indexed 
journals. Stating from the classification model, an intelligent algorithm was developed. Also, PSO-
ANFIS and GA -ANFIS were experimented for the prediction of elemental properties of biomass, 
while MLP-ANN and PSO ANFIS were experimented for the prediction of heating value of MSW. 
In all reported cases, PSO-ANFIS gave a better performance in the prediction of elemental 
composition of biomass and the heating value of MSW. 
Also, the experimental analysis was carried out to investigate the geospatial effect and particle sizes 
on the energetic properties and thermal behaviour of biomass. In this case, tropical almond and corn 
cob were selected.  The result from this experiment confirmed that geographical location from 
where the biomass was sources may have some effect on the thermal behaviour, and the particle 
sizes may affect the energy content and kinetic parameters. Finally, since the focus include the 
environmental impact, the estimation based on tropical almond emission reduction potentials 
showed that noticeable amount of CO2 can be reduced based on the locations. 
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CHAPTER THREE 
Peer-reviewed/ Scopus indexed Conferences 
3.1. Introduction 
In this chapter, all the manuscripts reported are proceeds of various conferences that are Scopus 
indexed with rigorous double-blind peer-review process. The conference articles were submitted, 
accepted, presented, and published.  The articles appear in this thesis according to the prescribed 
format of respective conferences and conference proceedings. The author of this thesis is the first 
and, main contributor in all the attached articles. The author conceptualized and carried out all the 
literature survey, design the methodology and analysed the results associated with this publication; 
the author wrote all the conference manuscript presented in this chapter. The synopsis of each 
conference article is presented at the beginning of each section. 
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3.2.  Article 1 
Recent advancement of biomass in energy exploration in some African countries 
Published In ASME 2019 Power Conference. American Society of Mechanical Engineers Digital 
Collection. 
DOI: https://doi.org/10.1115/POWER2019-1827 
 
This article focusses on the review of recent progress in bioenergy exploration in Africa. It was 
motivated by the understanding that there is vast bioresources in Africa which has not been 
adequately explored and the need to cater for the growing population in Africa, in order to position 
Africa among energy rich continents. 
With focus on the leading economies across the African region, this article provides an overview 
of biomass resources in Africa. Biomass availability and utilization was discussed, while the state 
of biomass to energy conversion in Africa was reviewed. The motivation and the barriers hindering 
the development of biomass to energy were discussed. Among other barriers, inadequate and 
exaggerated database, public distrust, and ethno-religious war were discussed. The ways to address 
these barriers were highlighted. 
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ABSTRACT 
Africa is so much endowed with a vast amount of renewable 
resources that can engender economic prosperity and provide 
adequate capacity to meet up with current and future energy 
demands. These vast resources made her to be at a vantage 
position in Renewable Energy (RE) exploration across the globe. 
One of such RE with enormous potential is biomass, however, 
the maximum potential has not been realized. This article 
provides an overview of the biomass resources in some selected 
African countries. The state-of-the-art in biomass application, 
availability, energy production in power plant, especially as 
related to electricity production were discussed. Overall, the 
authors identify the barrier to biomass energy exploration in 
these countries and proffer some solution to deal with these 
challenges.  
Keywords: Africa, biomass, energy exploration, power 
plant.  
1. INTRODUCTION
Energy in the twenty-first century is more of a necessity than 
of a luxury. It has been perceived as one of the basic needs of 
man, even though its availability across the globe follows a 
normal distribution. While some areas are energy-rich, many are 
at the base of the distribution curve, a larger part of which are 
African countries. As of the year 2018, Africa is estimated to be 
around 16.9% of the world population which was estimated to 
be 7.63 billion [1]. Biomass energy, as one of the future global 
energy mix, has the potential to provide a cost-effective and 
sustainable energy supply to a population in the developing 
countries including Africa [2, 3].  Energy forms the core of the 
important factors that affect economic growth. It has high 
potential for creating opportunities for expansion in different 
sectors depending on its steady, reliable, sustainable and 
environmentally friendly supply. Energy accessibility seems to 
be the greatest goal, which can advance the continent from 
* Contact author: tunjifemi@gmail.com
penury to prosperity [4]. Africa is the fastest growing continent 
in the world with an average economic growth rate of 5% over a 
decade [5]. The potential of renewable energy to transform the 
energy sector of Africa vis-a-vis; provision of affordable energy, 
and transformation of large, medium, and small scale enterprises 
is well documented [6]. Despite this potential and rich renewable 
energy resources, energy supply has been at abysmal level with 
more than 130 million households still depending on 
conventional energy resources while another 620 million does 
not have access to electricity at all [5]. Among the 54 countries 
in Africa, more than 30 of them are regularly experiencing power 
outage and load shedding which accounts for a cost of 2% of 
their Gross Domestic Product (GDP). Although there has been 
steady increase in energy consumption from 2000-2017, at the 
rate of 3% per annum, this is not commensurate with the energy 
demand by the continent [7]. The objective of sustainable 
development goal 7 is to achieve affordable, reliable, sustainable 
and modern energy service by 2030 [8, 9]. Figure 1 present 
different regional locations in Africa. 
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Figure 1: Regions in Africa Continent[10] 
Africa is regarded as one of the most vulnerable continents 
to climate change due to human activities, which promotes 
greenhouse gas (GHG) emission. Interestingly, there is a vast 
amount of biomass resources available with capacity to possibly 
satisfy the increasing demand for green products. Biomass is the 
oldest renewable energy consumed in the history of mankind.   
Among other renewable energy sources, biomass has historically 
been the global foremost energy resources and has gained more 
prominence in the recent years. As of 2017, biomass contributes 
10% of global primary energy consumption [7]. As depicted in 
Figure 2, Africa energy mix consists mainly of fossil fuel with 
bioenergy contributing around 47% more than other renewable 
resources [7]. In Africa context, biomass continues as the leading 
source, which is used in cooking and space heating in rural 
locations. It has the capacity to substantially reduce the over-
reliance on fossil fuel [11] and promote the production of sundry 
industrial-scale value-added product that have found their way 
to international market [12]. Biomass is also playing a significant 
role in the strategic push for sustainable development, especially 
with regards to green power generation in Africa. In Figure 3, the 
global biofuel production in the world between 2006 to 2016 and 
2017 was presented, Africa only reported significant increase in 
biofuel production from 2006 to 2016 at a rate of 15.8%, while 
no significant increase was reported in 2017. Figure 4 shows the 
biofuel production in Africa over a period of 17years. The 
biofuel production by Africa is projected on the secondary axis 
since it is the focus of this study. There has not been any 
significant increase in production between 2015 to 2017. 
 
 
Figure 2: Africa Energy mix [7] 
 
Figure 3: Biofuel production across the continents[13] 
 
Figure 4: Biofuel production form 2000-2017[13] 
Modern bioenergy exploration can bring a tremendous 
development to Africa economy with the benefits cutting across 
all facet of life. For instance, electricity sourced from biomass 
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 can improve hygiene and reduce water pollution [14]. Several 
countries have advanced toward modern biomass energy 
conversion, but few of these have evolved in Africa. This article 
provides an overview of the biomass resources in some selected 
African countries. It is important to appraise the recent 
development in biomass to energy conversion across Africa 
taking some countries as the case studies. The state-of-the-art 
biomass application, availability, energy production 
technologies was discussed. In overall, the authors identify the 
barrier to biomass energy exploration in these countries and 
proffer some solution to deal with these challenges. The 
countries selected were based on the GDP in the region where 
they belong. As of 2017, these countries were ranked as the 
largest economy in their regions in Africa continent [15]. 
  
1.1 Biomass application and Classification 
Beyond energy production, biomass has been applied in 
several processes which include; biopolymer and fiber, 
construction material, lubrication additives, pharmaceutical 
products, commodity and monomers, food and feed production, 
water treatment and antiscalant and so on. These value-added 
products of biomass processing are been applied across major 
industrial sectors after an appropriate conversion process. There 
are several classifications that have been proposed to 
accommodate different arrays of biomass feedstocks spreads 
through several countries. The classification proposed by Khan 
et al [16] is based on origin and properties. The detail discussion 
can be found in refs [17, 18]. The biomass resources in Africa 
can be found in these broad categories as shown in Table 1. 
 
Table 1: Classification of biomass 
Based on properties Based on source 
Wood and woody fuel (newly 
harvested soft and hardwood) 
Primary waste e.g. grain waste, wood 
waste 
Agricultural biomass (Stray, 
stalk, grass, Stover) 
Secondary waste e.g. food processing 
residue and sawdust. 
Aquatic biomass (Algae) Tertiary waste e.g. wood used in 
construction 
Animal and human waste (bones, 
manure, etc.) 
Energy crop e.g. cassava tuber 
Municipal biomass (solid waste, 
organic waste, sludges, refuse. 
Biomass mixtures 
 
1.2 Energy conversion technologies 
There are several processes through which a biomass 
feedstock can be converted to energy products useful in various 
technologies. However, the process choices depend on expected 
energy form (solid fuel, gaseous fuel or liquid fuel), 
environmental requirement, governmental policy, economic 
condition, and nature of the available feedstock [18, 19]. Some 
of the conversion technologies that have been applied to different 
extents are; pyrolysis, gasification, direct combustion, 
hydrolysis, anaerobic digestion, and pelletization. The 
significance and scope of the various conversion process have 
been discussed in some other articles [18-21]. Table 2 outlines 
the conversion process, utilization technology, and fuel products. 
The product from various conversion technologies can be used 
in power or heat generation, transportation fuel, chemical 
feedstock, medical disposables and so on. 
Table 2: Biomass conversion process and utilization technologies 
Conversion 
Process 
Utilization technology Fuel products 
Gasification Fuel cell Methane  
Mobile IC Engine Biohydrogen 
Biogas 
Microbial Fuel 
cell 
Biochemical 
conversion 
Stationary IC engine, 
Reformer, Micro 
turbine,  
Methane, 
Biodiesel, 
ethanol, 
Compost  
Pyrolysis Stationary IC engine, 
small boiler, 
Microturbine 
Bioethanol, 
Methanol, 
liquid fuel, bio-
oil 
Electricity 
Pelletizing Small boiler Electricity, 
Heat 
Hydrolysis Stationary IC Engine Ethanol,  
Combustion Thermal plant Electricity and 
heat 
Pressing and 
transesterification 
IC engine Biodiesel 
 
1.3 Biomass availability and Utilization 
Biomass can be used to generate biopower and biofuels. The 
availability of biomass in most African countries is not in doubt. 
As shown in Table 3, leading African countries have several 
million square kilometers of land not yet used, in essence, they 
remain unoccupied. Most of these lands are housing valuable 
feedstocks. Among other advantages, agricultural residue 
obtainable from the agricultural practices can mitigate the risk of 
fire burning, insect invasion, and open new market. For instance, 
huge amount of straw, husk and similar plant residues are 
annually available across different agricultural practices in 
Africa, but with incommensurate utilization [18].  Also in urban 
centers, the large expanse of dumpsite, which is rather 
constituting environmental nuisance can be explored in energy 
generation just as it has been done in Ethiopia [22]. Biomass 
availability and potentials in these countries have been reported 
in the literature by several authors [6, 20, 23-27]. It is evident 
from this article that selected countries have enormous potential 
in biomass generation. However, the traditional consumption of 
biomass poses several health risks, which has caused death in 
most part of the continent. Meanwhile, modern biomass 
technologies are friendlier with a promise of higher efficiency, 
which can be implemented to improve rural and semi-urban 
residence access to clean and sustainable energy. 
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 Table 3: Demography of selected Africa countries 
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2. OVERVIEW OF BIOMASS POWER PLANT IN 
AFRICA 
This section discusses the demography, recent development, 
and state of biomass power plant in the selected African 
countries. A review of the existing biomass potential from 
sources like energy crops, agricultural residue, and solid waste 
was also considered. 
2.1 Demography of the selected African countries 
Table 3 presents the demographical information of the 
countries which were considered in this review based on the 
available information as at 2018. The population figures, urban 
population, unemployment rate, were based on July 2018 
estimation obtained from World Factbook [28]. As observed, the 
population of the countries under consideration could provide 
massive manpower needed for biomass to energy initiative while 
also reducing the unemployment rate noticed to be considerably 
high in these countries. Also, the urban settlement overall 
population reflects the fact that several millions of people dwell 
in rural location which are most plagued by lack of access to 
electricity and other energy-dependent facilities. 
Table 4: Biomass power plant in some selected Africa countries 
Country No of 
biomass 
plant 
Installed 
capacity 
Biomass 
power 
plant status 
Current mode 
of biomass 
consumption 
Biomass 
feedstock 
Potential 
Nigeria 
[29] 
1 5MW Under 
constructio
n 
• Tradition 
mode for 
cooking and 
space 
heating 
 
Agricultural 
residue, 
MSW, 
Animal 
waste, 
Sewage 
South 
Africa 
[30, 31] 
10 (Felixto
n, 
Amatiku
lu, 
 
In 
operational 
 
• Tradition 
mode for 
cooking  
MSW, 
agricultural 
residue, 
forage 
Maidsto
ne)[32]-
9MW 
 
• Heating,  
• Electricity 
generation  
• Chemical 
production, 
grasses, 
animal waste, 
sugarcane 
bagasse, 
wood. Ngodwa
na-
25MW 
 
In 
operational 
George-
8MW 
 
In 
operation 
Mkuze 
biomass 
plant-
16.5M
W 
 
Halted 
Pongola
-20MW 
 
In 
operation 
Komati-
15MW 
 
In 
operation 
Harding
-10MW 
In 
operation 
Mossel 
bay-
4.2MW 
biogas 
 
In 
operation 
DRC 
[33] 
0 - - • Tradition 
mode for 
cooking and 
space 
heating 
MSW, 
Agricultural 
residue, 
forage 
grasses, 
animal waste, 
wood. 
Ethiopia
[22, 34] 
11 Omo 
Kuraz 
111-
60MW 
 
In 
operation 
 
• Tradition 
mode for 
cooking and 
baking 
• Heating 
• Electricity 
generation 
 
Landfill 
waste, wood 
biomass, 
sugarcane 
bagasse, 
Adi 
Gudem 
Industri
al-
500MW 
 
conceptual
ization 
Addis 
Ababa-
50MW 
 
In 
operation 
Wonji-
Shoa 
sugar-
30MW 
 
In 
operation 
 
Metehar
a sugar-
9MW 
 
In 
operation 
 
Fincha 
Sugar-
30MW 
 
In 
operation 
 
Kessem 
Sugar-
26MW 
 
In 
operation 
 
Tendaho
-60MW 
In 
operation 
 
Omo 
Kuraz 
1-
45MW 
 
Under 
constructio
n 
 
Omo 
Kuraz 
In 
operation 
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 11-
60MW 
 
Omo 
Kuraz 
V=120
MW 
 
Under 
constructio
n 
 
Egypt 
[20, 25, 
35] 
- - - - - 
 
 
2.1.1 Nigeria -West Africa 
Nigeria is a country located in the western region of Africa 
sharing her boundary with Niger Republic at the northern axis, 
Benin Republic at the western axis, Chad and Cameroun at the 
eastern axis and the Gulf of Guinea at the southern axis. In 
Nigeria, some of the biomass sources have been identified as 
animal waste, plant waste, municipal and industrial waste, 
aquatic biomass, and so on [36, 37]. The agricultural residue was 
estimated at 145.62 MT as of 2013, while Lagos State alone 
generate 1.1MT of organic waste [26]. The energy crop which 
are a potential source of biomass energy is estimated at 192 MT. 
There were several biomass-based projects which have been 
reported in ref [26], but most of them are still at conception stage 
with no physical evidence of implementation. The contribution 
of biomass in electricity generation is still insignificant in 
Nigeria. United Nations Industrial Development Organization, 
UNIDO. in collaboration with Ebonyi state government started 
the construction of 5MW biomass plant, which was estimated at 
$14.6million (USD). The plant is an offshoot of the rice mill 
commissioned by the same organization and it is intended to 
provide electricity to the rural community [29]. The present 
status shows that the power plant is still under construction 
except for the 32kW demonstration plant, which has been 
completed by the same organization in the same state. Biomass 
to electricity conversion is recognized as a part of the energy mix 
in Nigeria, as such, it is somewhat implied in the policy 
documents such as NREEEP and NBPI [36, 38]. A large amount 
of electricity can be generated from biomass and animal waste, 
which are often dumped or burnt without been considered for 
any purpose [36]. It is projected that 40MW of electricity will be 
generated from biomass by the year 2020 [39]. Given the 
availability, Nigeria has the potential of becoming the leading 
biofuel exporter in Africa while also generating income and 
providing employment in the process. The local capacity 
building is also guaranteed through the implementation of 
biomass to energy conversion technologies. 
2.1.2 South Africa-Southern Africa 
South Africa is bordered at the south by Atlantic, and the 
Indian Ocean while at the north by Botswana, Namibia, 
Zimbabwe, Mozambique and at the east by Swaziland. In term 
of the land mass, South Africa is the 25th largest country in the 
world. Agriculture contribute 0.8% of 3.1% economic growth 
which was experienced by South Africa in the last quarter of 
2017 [40]. There are 12 biomass power plants recorded in 
Enipedia [41] for South Africa, however, there are incomplete 
details about the status of these plants. Individual check of 
several sources only provides information about 10 biomass 
power plants.  More than any other African country, the amount 
of power generated from biomass is significant. Electric power 
generated from biomass has been identified as an important part 
of the republic’s energy mix, therefore, it is included in the 
country’s Integrated Resource Plans (IRP). Biomass, biogas, and 
landfill is expected to provide around 345MW of electricity 
according to ministerial declaration under renewables [42]. 
Based on agricultural waste only, South Africa can 
potentially generate  9.5GW of electricity [43]. Not much of 
Landfill gas has been applied in electricity generation but mostly 
in rural heating. Currently, less than 10% of South Africa 
municipality has been able to generate energy from waste [44]. 
Biogas from landfill has been identified to possess the highest 
climate change mitigation avenue within the land use space in 
South Africa [14]. Sawmill residue, paper pulp, and sugarcane 
bagasse have already been applied in electricity generation [40]. 
Some sugar mill and paper packaging companies have been able 
to generate power and heat equivalent to 210 GWh of electricity 
on annual basis [6]. There is highest concentration of biomass 
around KwaZulu Natal and the Mpumalanga water route. In case 
of Nkomazi sugar mill, apart from the power generated to drive 
the internal operation, there is a plan to generate additional heat 
and electricity which can be exported to the grid [45]. Up to 
around 25.5MW of electricity has been generated from 
Municipal Solid Waste, MSW deposited at Johannesburg, 
Mariann hill, and Bisasar landfill located in Gauteng and 
KwaZulu-Natal province respectively [30, 31]. Also, Ngodwana 
biomass power plant which is in Mpumalanga is expected to 
generate 25MW of electricity from woodchip biomass recovered 
from neighboring plantations. The boiler will combust up to 
35tonnes of biomass for every hour of operation. The power 
plant is expected to be operational by 2021 [31]. Mkuze power 
plant is expected to generate gross electricity of 16.5MW from 
the combustion of 0.55MT of sugarcane residue produced from 
5000 hectares of land. The project was expected to be completed 
by the last quarter of the year 2017, but, a report shows that the 
project has been halted, possibly due to the issues related to the 
land claim [30, 31] or/and political reasons. The energy crop 
production which are potential source of biomass energy is 
estimated at 51MT [46], the residue from these crops are also 
potential biomass feedstocks. Agricultural residue, Invasive 
species (which is up to 3% of standing biomass), municipal 
wastewater, sewage generated from Industrial process such as 
water treatment, municipality waste, waste from food industries, 
and papermaking industries are also acknowledged as potential 
sources [6, 40, 41, 47].  In March 2018, the government launched 
the first multimillion-rand biorefinery facility in Durban in order 
to fully explore biomass resources from agriculture and 
Municipal wastes [48]. 
 
2.1.3 Ethiopia-Eastern Africa 
Ethiopia is the horn of Africa which is bordered by Eritrea, 
Djibouti, Somaliland, Somalia, Sudan, South Sudan, Kenya to 
the north, northwest, northeast, east, west, and south 
respectively. The demography of Ethiopia is presented in Table 
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 3. Ethiopia is reported to be the second most populated country 
in Africa. The greatest part of the Ethiopia population lives in 
rural location with heavy dependence on agriculture and energy 
consumption from biomass [49]. Biomass account for 92% of 
energy consumption in the country [50]. In the year 2018, 
Ethiopia commissioned the first waste-to-energy power plant in 
Africa located in the main landfill at Koshe, the capital of Addis 
Ababa. This power plant is the first plant that is not attached to 
any large factory. Around 900tons of dry waste which has been 
dumped in this area in a space of 40 years are intended to serve 
as the feedstock for the power plant. Both generating units are 
expected to produce 50MW of electricity.  
The other known biomass power plants produce energy in 
form of heat and electricity for the factories, which only supplies 
the excess to the grid. There are 10 of those cogeneration plants 
with 7 of them fully in operation while 2 are under construction 
and the construction of the remaining one is expected to start in 
the year 2019. In Ethiopia, Bagasse which is the main feedstock 
for these cogeneration power plants is only available from 
October to May of every year, which mean the generation of 
electricity is only limited to these months. The devil’s tree near 
Kessem sugar factor may provide an alternative for seasonal 
bagasse availability [34]. 
2.1.4 Egypt-Northern Africa 
Egypt is bordered by the Gaza Strip and Israel to the 
northeast side and red sea to the east, Sudan to the south and 
Libya to the west. Historically, Egypt is considered as the cradle 
of civilization but there has not been so much development 
regarding electricity generation from biomass. Egypt generated 
a notable amount of biomass which is estimated to be around 
40MT in a year [6, 20]. For an economy where agriculture is 
contributing 11.9% of the GDP [51],  agricultural waste and 
residue [20], MSW and animal waste have been identified as the 
main biomass feedstocks [52]. Presently, there is no reported 
biomass power plant in Egypt while the existing biogas are on 
the small scale and are just meant to support 30 start-ups to help 
farmer with biogas and organic fertilizer [35]. Meanwhile, effort 
to utilize biomass in energy generation is been reflected by 
different policy and ministerial declaration [53]. 
2.1.5 Democratic Republic of Congo (DRC)-Central Africa  
DRC is located at the extreme south of Central Africa region and 
surrounded by plateau and mountainous terrain in the west and 
thick grassland beyond the Congo river [28]. The demography of 
DRC is as presented in Table 3. The estimated production of 
energy crop stands at 47.3MT. The land mass of DRC which is 
estimated at 2.2 million square kilometer provides so much 
potential in biomass energy production which may be possible 
through the cultivation of energy crop on their hitherto 
uncultivated land. Despite their huge potential in renewable 
energy, especially in biomass [54], DRC is among the countries 
across the globe with least electrification at 9% such that rural 
and urban electrification stand at 1% and 19% respectively [55]. 
 Presently, there is no biomass power plant which has been 
reported for DRC. Biomass resources have only been applied for 
traditional cooking and heating, which accounts for 95% of total 
energy consumption [56]. The only source of renewable energy 
that DRC uses is hydroelectric power[56]. About 12million acres 
of land have been identified with a possible wood biomass 
cultivation for energy generation [33]. Also, significant potential 
exists for biodiesel production from palm oil cultivation in this 
country. 
3. MOTIVATION FOR THE APPLICATION OF 
BIOMASS IN AFRICA 
Notwithstanding the present situation regarding the biomass 
application on energy generation, there is motivation for the 
wholesale usage of biomass in power plants. These are outlined 
below; 
i. Huge population could provide an inexpensive labor for 
inevitable and increasing labor demand across the biomass 
value chain. 
ii. Humongous land mass- There are vast kilometers of land in 
Africa especially in the countries reviewed, which have not 
been cultivated either for energy generation or other 
purposes. Most of them are presently been covered by plants, 
which may be of interest in biomass energy generation. 
iii. World biomass exploration-The success stories in the other 
locations across the globe could provide a time-tested 
template for biomass power plant initiative in Africa. 
iv. Declining prices of renewable energy- As the other 
renewable technologies are gaining acceptance, this will 
surely impact the installation and operating cost of biomass 
power plants in Africa. 
v. The declining price of oil is a reminder on the need for a 
change of direction to biomass (being the only predictable 
and most abundant renewable source) and other renewables.  
vi. Large scale biomass availability- Large amount of biomass 
resources from various origin is a motivating factor for the 
application of biomass in electricity generation in Africa. 
Biomass could provide about 25% of global energy demand 
in a year and it is the only renewable energy which can be 
directly transformed to liquid fuel [57-59]. The energy 
derived from Lignocellulosic biomass, LCB (liquid, solid, 
gaseous) can be used in all sectors of the society for 
production of electricity, transportation, heating and cooling, 
and industrial processes. Of the total 18% renewable energy 
that was consumed in 2016, bioenergy contributed 14% [60, 
61]. 
vii. Improved state of research and innovation. 
viii. Growing population and economy-As the population 
increases, electricity demand is projected to increase by three 
times the present value, a part of these emerging electricity 
demand can be met through biomass energy which will 
subsequently open a door for other business opportunities. 
5. BARRIERS TO BIOMASS ENERGY EXPLORATION 
IN AFRICA 
A reflection on the major economy in Africa shows that the 
following are still constituting barriers to the exploration of 
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 biomass in large scale energy generation, especially as regards 
electricity generation in Africa. 
i. Inadequate policy framework- The nature of the biomass 
energy technology requires distinctive policies and legal 
framework which can stimulate the interest of the investors. 
Enabling policies creates stable and predictable investment 
environment. Notwithstanding the progress which has been 
made by some countries on the formulation of definite policy 
on biomass energy, most of the policy framework are not 
holistic enough to address all the issues related to biomass 
energy. Also, the policy in some cases are somewhat generic 
and not particularly detailed for each renewable energy 
resources. Governments across the continent have not 
demonstrated enough interest given the lack of engagement 
on the policies, incentives, and subsidies needed to lubricate 
the drive toward bioenergy. The regulatory and technological 
risks related to the investment in biomass energy 
technologies are not well articulated. Also, the bureaucratic 
process involved in bioenergy exploration for most Africa 
countries is a disincentive to investors given the long 
duration required for the approval of projects. 
ii. Political uncertainties-A toxic political environment and 
diplomatic wrangling could deter the investors. Most of the 
countries in Africa are practicing democracy. Often, the 
political leaders are hesitant to carry on with the legacy 
projects of the previous administration. This leads to 
abandonment of project which may be detrimental to the 
investors. Also, economic risk emanating from the resources 
control which may turn potential resources to political 
weapon is not encouraging the investors. Therefore, the 
progression of bioenergy technology requires a formidable 
political will which enable a process that is void of polarity 
along political affiliation and personal interest. 
 
iii. Inadequate and exaggerated database- Inadequacy of data for 
the development and planning of biomass resources is 
another notable barrier. The internet is inundated with several 
unverified data with bogus claim to the availability and 
potential of biomass resources. A coordinated effort and 
decision-making process may be halted in the absence of 
requisite information on the technical, costs and benefits of 
bioenergy.  
iv. Seasonal nature of some biomass feedstock as in the case of 
sugarcane in Ethiopia. The year-round operation of biomass 
power plant demands a consistent biomass feedstock which 
should be guaranteed all through the year. Also, during the 
peak period of biomass feedstock production, an effective 
storage technology is needed to preserve the properties of the 
feedstock before use.  
v. Land dispute- The tension, conflicts, and violence associated 
with land ownership is a discouragement to a potential 
investor in biomass power plant. In South Africa, the biomass 
power plant project was halted due to the land dispute [31].  
vi. Public distrust-In a study conducted by Khan [62] regarding 
biogas energy development, the author suggested that there 
is always an opposition to bioenergy project in a situation 
where there is lack of proper understanding and assimilation 
of the economic and environmental advantages of biomass 
energy. There must be enough buy-in for any innovation to 
flourish. Also, the failure of a similar project in other area 
may reinforce repulsive public attitude towards biomass 
energy development. Rakos [63] suggested that the local 
people will be unwilling to support the biomass exploration 
if there is no proper understanding of the importance and the 
benefits of such venture. 
vii. Insufficient investment and financing- The initial cost 
associated with bioenergy technologies is still high, therefore 
it may affect the rate of adoption. Most countries in Africa 
are in economic distress, as such, they do not have much 
resources which can be committed to bioenergy technologies. 
The interest rate on credit facilities for bioenergy 
technologies is also high. More so, since these technologies 
has not been well established in most Africa countries, very 
few financial institutions are willing to offer considerable 
credit facilities towards the project. 
viii. Corruption and racketeering- Corruption has been identified 
as a major barrier to the exploration of biomass in Africa. 
This may be in the form of nepotism, favoritism, collusion, 
bid rigging and so on. Rent taking has led to premature 
termination and abandonment of some lofty projects. Most 
private investors who are not willing to soil their hands may 
not be able to participate in a corrupting laden process. 
ix. Inadequate/ unavailable technical skill and manpower- Due 
to inadequate qualified personnel which could operate, 
maintain and demonstrate bioenergy technologies, investors 
are reluctant to import the technologies. 
x. Ethno-religious war, militancy, and terrorism- Many 
countries in Africa are ravaged by ethno-religious war which 
has remain unabated for several years. This is a disincentive 
to the investors who may be willing to venture into biomass 
to electricity generation. 
6. KEY COST ANALYSIS FOR TYPICAL BIOMASS 
POWER PLANT 
The feasibility of biomass power plant largely depends on 
the associated cost. The cost barrier which may not allow a rapid 
development of biomass power plant is presented in Table 5. The 
estimation is made for a power plant intended to produce 25MW 
of electricity. The levelized cost of electricity (LCOE) were 
determined based on several determined parameter such as 
capital and operation cost related to biomass technologies and 
feedstock supply chain. The feedstock accounts for around 50% 
of the total electricity production cost while operating cost are 
usually around 5% of the capital cost for large capacity plant 
[14]. 
Table 5:Typical cost analysis for biomass power generation(Adapted from [14]) 
Cost 
component* 
Forest 
residues 
(25MW) 
MSW 
(25MW) 
Landfill 
gas(5MW) 
Biogas(5MW) 
Plant 
cost($/MW) 
$4.92 
million 
$9.47 $2.02 
million 
$5.13 
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 Fixed O&M 
($/MW-yr.). 
$0.11 
million 
$0.4 $0.14 $0.12 
LCOE 
($/MWh) 
$145.8 $250 $64.9 $115.5 
*The actual table was in rand; however, it was converted to dollar at the 
rate of R1=$0.0072. 
7. ISSUES THAT SHOULD BE TACKLED 
In order to remove the barriers which were previously 
highlighted;  
• Strong and holistic policy framework reinforced by 
political will can encourage the investor to invest in 
biomass power plants.  
• A centralized database which is regularly updated can give 
easy access to the researchers and investors, which will also 
allow a reliable estimation of the biomass power plant 
potential business opportunities. 
• Communication line and awareness should be created on 
bioenergy policies. 
• Reduced bureaucratic process will assure the investors of 
the possible turnaround time on their investment. 
• Land should be well delimited and land use policy should 
be well defined to ensure that the land dispute, which could 
discourage a potential investor is addressed. 
• Training and retraining of manpower in the skill areas, 
which are relevant to biomass exploration should be 
promoted. 
CONCLUSION 
Africa population is growing at an alarming rate, and their 
economic sustainability depends on energy. The present state of 
affairs in biomass power plant is not so encouraging. Most of the 
countries in the western world have overtaken Africa in biomass 
exploration despite their great potential and abundant biomass 
resources. There is paucity of data regarding the advancement in 
biomass power plant in Africa. Also, the latest record shows that 
the selected countries have not achieve so much in term of 
modern biomass conversion technology despite the visible 
evidence of progress from the European countries which can 
serve as a template. Beyond a well-formulated biomass energy 
policy, practical steps should be taken to urgently advance the 
electricity generation from biomass. Lest we forget, the reality 
of climate change is here with us. 
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Electric Power Crisis in Nigeria: A Strategic Call for Change of Focus to Renewable Sources 
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The pivotal role of Nigeria as one of the leading economies in Africa and the availability of various 
renewable energy resources in harvestable quantity is the motivation for this review of the electric 
power challenge in the country. A framework was developed to diagnose the cases of electricity 
crises, and the renewable energy policy was evaluated with a view to understand the factor which 
are hindering renewable energy uptake. Among other resources which were discussed, biomass and 
MSW was appraised as a potential source of clean and renewable energy. The obstacles and 
leverages which can advance renewable energy in Nigeria were discussed. 
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Abstract. In all ramifications, the development and economic prosperity of a nation 
substantially depend on her power or energy sector. Reliable access to the electric power 
needed by several homes and businesses remains a great obstacle facing Nigeria. More than 
ever, the social-economic wellbeing of Nigeria is under severe threat due to formidable 
challenges in her Power sector. The manufacturing industries are folding up, while others are 
relocating their production plants to more friendly havens because of the high cost of doing 
business. This paper reviews various renewable energy options available to Nigeria and the 
National Renewable Energy and Energy Efficiency Policy (NREEEP). It also identified the 
major factors militating against renewable energy development in Nigeria, proffering possible 
way forward to assist renewable energy policy implementation. 
Keywords: Electric power; GDP; development; NREEEP; Renewable energy 
 
 
1. Introduction 
Nigeria is the largest economy in Sub Saharan Africa, but the Nigeria economy is characterized by a 
continuously increasing rate of inflation, high unemployment rate, stagflation, receding stock market 
index and full-blown recession which is substantially due to limitations in the power sector[1]. Several 
years of negligence and improper policy implementation strategy has culminated into the present 
economic quagmire. The strong nexus between the energy and socio-economic wellbeing of a nation 
cannot be overemphasized. Notwithstanding her large oil and gas reserve, which compete favourably 
among the largest reserve in the world, Nigeria is battling with the severe energy crisis. The 
unpalatable effect of this situation is felt mostly by the masses that have to endure the excruciating 
effect of higher and arbitrary tariff including a prolonged period of power outage. Several nations who 
have heeded the warning of nature have diversified their power sector to eco-friendlier renewable 
sources and have since been reaping the dividend as revealed in their Gross Domestic Product.  
Electricity was first generated for public use in Nigeria in 1896 and over a century after, electricity 
demand in Nigeria is at present far more than the supply, thereby negatively affecting the country’s 
socio-economic and technological developments [2, 3]. Based on the United Nation estimate as at 
2017, Nigeria population is approximately 190 million [4] as against around 150million in the year 
2012 [5], this is an indication of Nigeria ever-growing population. The larger part of this population 
lives in the rural area where there are no infrastructures for electricity supply with just around 36 % 
access to power [1]. In aggregate, only about 40 % of Nigerians are connected to the national grid, 
even those who are connected to the grid have access to power less than half of the time [6]. 
Nigeria’s electricity consumption is one of the lowest in the world at 149 kWh per capita, about 7% of 
Brazil’s and 3% of South Africa’s [6]. Nigeria over-dependent on gas for the power plant is making 
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her so vulnerable, and this is perpetually leaving her at the mercy of the militant insurgents who 
vandalize the pipelines at will. For the second time in 2016, a case of zero generation was reported for 
some state in Nigeria[7]. The electricity generated in the first quarter of the year 2018 is a painful 
reminder of the persistently low electricity supply in Nigeria[8]. The cumulative power supply reduced 
to approximately 114GW as against 144GW recorded for the last quarter of the year 2017[8]. In the 
last 17years, several billions of dollars have been splashed on electricity power sector, yet the industry 
is in doldrums [7]. The reported peak electricity generation capacity of Nigeria as of February 2015 is 
3342MW compared to an estimated peak demand of 12,800MW representing a power deficit of 
74%[9] Despite the recent privatization of electric power generation and Distribution Company, there 
are no commensurate improvements in supply, rather it has gone worst. The Nigerian Electricity 
Regulatory Commission (NRC) website recalled that total energy at its peak in a particular that lead up 
to June 12 was 2,591MW, while off-peak power distributed was a paltry 1,547MW. This sort of power 
output cannot sustain the economy which was estimated to a Gross Domestic Product of $568.51 
billion in 2014 by World Bank[10]. 
The manufacturing industries are folding up, while others are relocating their plants to more business-
friendly countries because of the high cost of doing business. The MAN (Manufacturers Association of 
Nigeria) says it spends more than N1.8 billion (the US $ 11, 340 million) weekly in the running and 
maintenance of power generators[11, 12]. The use of these generators in the industries has resulted in 
high cost of production since energy consumption constitutes 40 % of the production cost. At present, 
the cost of production in Nigeria is nine times higher than that of China [12]. The unpalatable effect of 
this crisis is felt mostly by the masses that have to endure higher and arbitrary tariff coupled with the 
prolonged period of power outage and aching cost of living while they are left to pay for the power 
they never consumed. These and several other uncertainties surrounding the generation, distribution 
and use of electricity culminate into a phenomenon christened Electric power crisis in Nigeria. Against 
the backdrop of all these uncertainties, a possible change of approach and more focus on the renewable 
energy sources will bail the country out of this quagmire and help tame this age-long monster. 
Renewable Energy, RE can be defined as energy obtained from sources whose utilization does not 
result in the depletion of the earth’s resources. The world is changing focus to renewable sources and 
energy efficient technologies which are more sustainable when compared to fossil fuel. Therefore, it is 
exigent that RE solutions be proffered to cater for Nigeria imminent industrialization. From the 
standpoint of sustainability, sources and challenges, several authors have discussed the renewable 
energy policy and options in Nigeria[13-24].Oyedepo [24] outlined the primary reasons why 
renewable energy is a vital and indispensable component of sustainable development. Presently, 
energy crisis is taking its toll on the available industries as many of them are running at high cost. Even 
the private homes are not excluded as so many homes do not have access to electric power. The 
biggest issues which have been identified as the major obstacle to the growth of power sector are ; 
Hostile macroeconomic forces, Weak and opaque regulatory mechanism, creditworthiness[1]. In 
Nigeria, the plan is underway to build a nuclear power plant, however as good as that may appear, 
there are hidden cost attached to coal and nuclear power; For instance, in South Africa, Eskom is 
currently building the Kusile coal-fired power plant, and it is estimated that the coal plant will cause 
damage of up to R60 billion for every year of operation. This will take the form of the costs of water 
pollution, human health impacts, the plant’s huge water footprint, and climate change [25]. The 
Fukushima nuclear accident which occurred in the year 2011 is still very fresh in mind. A major 
15meters tsunami disabled the power supply and abruptly ended the cooling of three Fukushima 
reactor, not less than 1000 people died in this incidence with several rendered homeless [26, 27]. 
Union of concerned scientist highlighted the merits of renewable energy as follows [10]:  
 Little to no global warming emission,  
 Improved public health and environment quality,  
 A vast and inexhaustible energy supply,  
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 Job creation and other economic ripple effects, 
 Reliable and resilient energy system and stable energy prices. 
The renewable energy potential of Nigeria is well documented in the literature and its ability to 
revolutionize our power sector is not in doubt, so it is in this understanding that government has come 
up with different policy paper including National Renewable Energy and Energy Efficiency Policy, 
NREEEP, however, clear-cut implementation strategies are lacking. 
 
2. Analytical Framework  
In order to put the electricity issues of Nigeria in perspective and evaluate the recent trend in the development of 
renewable energy resources under the established implementation framework of NREEEP, the following 
objectives will be explored in this study as indicated in Figure 1; 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
3. Nigeria Electric Power Sector in Perspective 
Electricity was first generated in Nigeria in the year 1896, although it was not until 1929 that the first 
utility company, the Nigerian Electricity Supply Company (NESCO) was established. In the 1950s and 
1960s, the Nigerian government created the Electricity Corporation of Nigeria to control all existing 
diesel/coal fired isolated power plants across the country and the Niger Dams Authority to develop 
hydroelectric power in Nigeria. These two entities were amalgamated into the National Electric Power 
Authority (NEPA) in 1972. NEPA was characterized with a burden of subsidies, poor service quality 
and wretched collection of the tariff. The reform act of 2005 unbundled NEPA into 18 companies 
(under the flag of Power Holding Company of Nigeria): 6 generation companies, 1 transmission 
company, and 11 distribution companies.  
The generating companies consist of three hydro and nine thermal (gas based) stations with their 
output shown in Figure 2 [28]. It can be observed that none of the present generating plants are made 
of renewable resources. 
The federal government of Nigeria is seriously working towards generating 4000MW of electricity 
from nuclear energy, In June 2016; Nigeria signed a Memorandum of Understanding, MOU, with 
ROSATOM in order to partner in building a nuclear technology centre in the country. This MOU was 
supposed to signal the beginning of a new turn for the country to have clean energy, steady electricity 
supply and be able to do deep research in nuclear medicine[29]. However, these authors vehemently 
doubt the willingness of the government, given the inadequately trained manpower in this area 
combined with frightening insecurity and terrorism ravaging the country. 
 
Figure 1:Analytical framework 
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Figure 2: Nigeria power generation plant and their utilization capacity[28]  
 
The PHCN (Power Holding Company of Nigeria) was structured to oversee the activities of the 
Managing Director/CEOs of the successor company for 5 years, which should be adequate to enable 
the companies privatized to be fully established [3]. The privatization exercise has suffered many 
drawbacks and its objectives have not been reasonably realized. Notwithstanding the existence of 
electricity in the country for over a century and in spite of all the reforms in this direction, its 
development has been at a slow pace. The minister of power who was part of the privatization 
committee in 2013 resigned from office, citing gross corruption and sabotage as his reasons for leaving 
the office [30]. 
According to Transmission Company of Nigeria (TCN), the power generation dropped to 2,662MW 
from initial 3,959MW as at January 2017. As usual, the reasons alluded to this include; difficulties in 
accessing the gas by generating company and low water level [10].   
At the end of January 2016, the demand for electricity in Nigeria was estimated to be 12,800 MW [7]. 
Figure 3 indicates the wide margin between the energy generated and demanded over a period of three 
years. The historic gap between the demand for power in Nigeria and the electricity supply from the 
grid has led to widespread self-generation of power in the commercial, industrial and residential 
sectors. Many individuals and businesses own their generators to compensate for the lack of access to 
electricity supply [31]. Apart from the cost implication of diesel powered generator, environmental 
impact is also very significant [32]. 
A survey conducted by Adenikinju [33] showed that only 6.2 % of the firms in the Nigeria 
manufacturing sector exclusively rely on the grid electricity. Virtually all the firms have independent 
power generating set to support their activities. Figure 4 shows the contribution of power outages to 
capacity underutilization in the manufacturing sector. In this survey, 44 % of the firms attributed a fall 
of between 20 % and 49 % in their capacity underutilization to power outages. 24 % of small-scale 
firms lost over 50 % of their output to unstable electricity compared to 14 % and 17 % for the medium 
and large enterprises, respectively. Over 20million of Nigeria household are without power while 
around 36 % of the rural settler have access to electric power. This shows how devastating the effect of 
electricity unavailability has been on the country’s economic survival. In order to improve current 
GDP growth and narrow the current electricity supply gap, market intervention, and fundamental 
power sector reform which is aimed at the implementation of renewable energy exploration strategies 
are needed.  
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Fig 3: Effect of Electric power outages on capacity utilization[7]  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4: Effect of Electric power outages on capacity utilization. [33] 
Idemudia and Nordstrom [34] succinctly highlighted some of the challenges facing the investors that acquired 
Nigeria electricity assets after privatization as follows; 
  Insufficient gas supply due to poor gas infrastructure,  
 Cost unreflective tariff regime, 
  Obsolete transmission line assets and power sub-stations, 
  Non-bankable gas supply agreements,  
 Changes in government and uncertainties as to the future direction of government policies, 
 The bureaucracy of government agencies,  
 Lack of affordable and accessible long-term funding;  
 Foreign exchange and currency issues;  
 Vandalism of power plants, equipment, and transmission lines. 
 
The following key players are also identified in Nigeria’s reformed power sector: The Federal Ministry of Power; 
National Electricity Regulatory Commission (NERC). 
Nigeria Electricity Bulk Trading Plc (NBET); The Gas Aggregation Company Nigeria Limited (Gas Aggregator); 
Nigerian Electricity Management Services Authority; National Power Training Institute of Nigeria; Bureau of 
Public Enterprises National Council on Privatization; Transmission Company of Nigeria; Nigeria Electricity 
Liability Management Company; Nigerian Gas Company; Operator of the Nigerian Electricity Market [35, 36]. 
 
4. Recent Trend in Renewable Energy 
4.1. Biomass 
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There is a substantial opportunity for the exploitation of several types of biomass including municipal wastes in 
Nigeria. Biomass is a biological substance derived from living or recently living organisms. It is often referred to 
as plant-based substances, whereas biomass applies to both plant and animal-based materials. Not until recently, 
biomass has a proven capacity for renewable electricity when compared with wind and solar. [37]. In Nigeria, 
some of the biomass sources have been identified as animal waste, plant waste, municipal and industrial waste, 
aquatic biomass, and so on [14, 24, 37, 38]. The estimated biomass resources stand at 2.01 EJ [39]. Biomass 
derived from the plant can serve small-scale industries, it can also be processed to produce cheap fuel like biogas. 
Given the pace of the development of the technologies for harvesting biomass, it can provide an increasing 
amount of “biopower”. The identified feedstock substrates for an economically feasible biogas production 
include water lettuce, water hyacinth, dung, cassava leaves and processing waste, urban refuse, solid (including 
industrial) waste, agricultural residues and sewage [38-40]. An estimate shows that Nigeria produces about 227, 
700 tons of fresh animal waste. Apart from sawdust and wood waste derivable from lumber industries, Nigeria 
can potentially produce up to 6.8 million m3of biogas from animal waste on a daily basis [39].  
 
4.2. Solar Energy 
The main source of energy which supports life on earth and all other surface phenomena come from the sun [23]. 
Solar energy is applied in households for activities such as drying of clothes, and hot water for domestic use. On 
the commercial scale, it is used in generating electricity and driving of turbine in thermal electricity plant. The 
efficiency of the photovoltaic cells is estimated to be about 40%, however, with the latest discovery in 
nanotechnology, it is expected that the efficiency would be tremendously increased. Most recently, solar energy 
has been converted to heat, which is then stored in the thermal tank. Another method of using solar energy to 
generate electricity also used in recent times is to convert the sun’s energy into heat which is then stored in 
thermal tanks [23, 38]. The thermal tanks contain molten salts or paraffin wax which can absorb a great amount 
of heat energy at the same state. The heat energy derived from this source can be used to drive electric 
generators.  
The adoption of solar renewable technology in the country is low compared to the large potentials widely 
reported.  Nwofe [41] outlines the high initial capital cost of solar technologies, low levels of education and 
awareness about the social and economic benefits associated with solar technologies, and a lack of access to solar 
radiation data recording stations as some of the factors limiting the utilization of solar energy in Nigeria.  
Ohunakin et al. [23] highlight the barriers to solar energy development and application in Nigeria based on 
Painuly [42] as follows: technical, social, cultural and behavioral; economic and financial; institutional; and 
political and market distortion.  
 
 
4.3. Wind Energy 
The energy sourced from the wind to generate electricity or another form of energy is called wind energy. The 
wind energy can be used to pump water and grinding grains. Previously electricity was generated from the 
windmill or ship sail. But this has evolved to wind turbine, which is presently used to convert the wind energy to 
electric power. In recent times numerous studies have been carried out to assess the wind speed characteristics 
and associated wind energy potentials in different locations in Nigeria. Promising attempts are being made in 
Sokoto Energy Research Centre (SERC) and Abubakar Tafawa Balewa University, Bauchi to develop the 
capability for the production of wind energy technologies [20]. 
 
4.4. Geothermal Energy 
Geothermal energy can be defined as heat energy generated and stored in the earth; as a result of the radioactivity 
and progressive heat loss from the earth’s crust. The thermal energy in the form of heat reaches the surface from 
the crust due to the temperature differential between the planet and the surface. The temperature of the crust can 
be as high as 42730C, hence heating the water and rock up to 370oC. This energy can be used for several 
purposes such as district and space heating, desalination, agricultural applications and most importantly to 
generate electricity. The world first large scale geothermal plant was built in the year 1911 [43]. Presently, 
United State is currently leading in geothermal energy exploration with 3450MW installed capacity and 
2542MW generating capacity [44]. This form of energy is dependable with high sustainability due to enormous 
earth’s internal heat content which is about 100 billion of the present world energy demand [43]. 
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4.5.  Waves and tidal energy 
Waves are produced by winds blowing across the surface of the ocean. However, because waves travel 
across the ocean, their arrival time at the wave power facility may be more predictable than the wind. 
In contrast, tidal energy is driven by the gravitational pull of the moon and sun. Tidal energy is 
produced through the use of tidal energy generators. These large underwater turbines are placed in 
areas with high tidal movements and are designed to capture the kinetic motion of the ebbing and 
surging of ocean tides in order to produce electricity. Tidal power has great potential for future power 
and electricity generation because of the massive size of the ocean [45, 46]. Tidal power has a relative 
advantage in that it can generate power from the incoming and outgoing tides. Like most emerging 
energy technologies, wave, and tidal technologies are currently more expensive than traditional 
generating resources; but with further experience in the field, adequate R&D funding, and proactive 
public policy support then the costs of wave and tidal technologies are expected to follow the same 
rapid decrease in price that wind energy has experienced. Wave and tidal energy resources are among 
the various energy resources that are available in Nigeria. But this has not been explored, because of 
insufficient R&D in this area. 
 
 
4.6.  Hydro-Energy 
This is energy generated from water conserved in a reservoir when a dam is constructed across flowing 
water like river or stream. Hydropower is generated by conversion of the potential energy of the high 
head water into electrical energy[14, 47]. The water which is conveyed by the penstock is made to fall 
on the blades of the turbine to run them by the conversion of the hydraulic energy to mechanical 
energy which in turn is converted into electrical energy by directly coupling the shaft of the turbine 
with a generator and the generator armature rotates to produce electricity [48]. Nigeria is significantly 
endowed with large rivers and some few natural falls. Small rivers and streams also exist within the 
present geographical spread of the country into eleven River Basin Authorities, some of which 
maintain minimum discharges all the year round. As it stands, hydropower accounts for about 29% of 
the total electricity supply [47]. In a study carried out by Aliyu and Elegba [19] in twelve (12) states 
and four (4) river basins, over 278 unexploited Small Hydropower (SHP) sites with total potentials of 
734.3 MW were identified. However, Small Hydro Power potential sites exist in virtually all parts of 
Nigeria with an estimated total capacity of 3,500 MW. All the authors agreed that Nigeria possesses a 
potential renewable source of energy along with her numerous river systems[19, 24]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5: Renewable energy potentials of Nigeria [2, 49] 
5.    A brief review of RE in some selected Africa countries. 
5.1. RE South Africa 
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In the entire Africa continent, South Africa has the most audacious renewable energy projection. 
Several authors have discussed the renewable energy potential and policy in South Africa [50-53]. The 
1998 Energy Policy of South Africa states that the country will acquire 15% of its national supply from 
RE [54]. However, an analysis of the energy mix in South Africa by Pegels [53] shows that as at 2008, 
coal contributed 86%, nuclear contributed 5% of the country’s energy mix. Other sources are hydro 
and gas which combined to contribute 9% of the energy mix. [53] observed that notwithstanding the 
vast potential for Renewable energy in South Africa, there has so far been little growth in the 
deployment. The author identified energy innovation system and the economics of renewable energy 
technologies as the main impediment on the path of Renewable energy development in South Africa. 
The government of South Africa has introduced several policies to support RE in the country.  One of 
such policies is the feed-in tariff. The renewable energy feed-in tariff was launched in 2009. It requires 
the national electricity utility Eskom, to purchase renewable energy from qualifying generators at 
predetermined prices, this help to reduce the financial risk exposure of the generators and provide the 
market certainty [55-57]. 
 
 
5.2. RE Ghana 
Ghana's Renewable Energy Development Program [57, 58] aimed to assess the availability of 
renewable energy resources and to examine the technical feasibility and cost-effectiveness of RE 
technologies in the country among other goals. The program highlighted and discussed the RE 
potential of Ghana grouping them into two areas; biomass and solar. Wereko-Brobby and Mintah [58, 
59] identified major RE projects in the country and advised on how they could be made better. Ghana 
has been argued to achieve commendable access to modern energy services compared to her sub-
Saharan peers [59]. Increase in industrialization and urbanization have resulted in high energy intensity 
in Ghana, therefore, Serwaa et al. [60] suggested that policies aimed at encouraging the production of 
less energy-intensive products and implementation of high energy efficient technologies in the 
manufacturing sector should be promoted. Ghana's renewable energy resources could be harnessed to 
play a role in supplying both rural and urban households. There are huge biomass resources in Ghana 
that have the potential for use as feedstock for biogas production to reduce the country's 
overdependence on fuelwood and fossil resources. He assessed the potential of biogas in Ghana and 
concluded that the country has the potential of constructing about 278 000 biogas plants and as of 
2011, only about 100 biogas plants have so far been constructed. The development of RE has been 
hampered by the failure of the government to support biogas technology through well-articulated 
policy, poor design and construction, horrible maintenance culture on the part of the users [61]. 
 
5.3. RE Senegal 
Senegal is far ahead of Nigerian in the promotion of RE in the rural areas. Since 2008 the new Energy 
Sector Development Policy Paper has been in place with a clear direction for RE [62]. The policy sets 
a penetration rate for renewable sources of energy and biofuels of at least 15% of internal energy 
consumption by 2020 [63]. The commitment to institutional reform and policy has positioned Senegal 
as a leader in RE. Promotion in the Economic Commission of Western Africa (ECOWAS) region 
leading to the country being tasked to develop solar energy projects in the sub-region by Heads of 
State and Government in the ECOWAS Summit held in July 2010, and subsequently chosen as one of 
the pilot countries to field-test the methodology being developed by International Renewable Energy 
Agency (IRENA) for the renewable readiness assessment [62]. 
 
6.  Energy Mix in Nigeria 
The past and future energy mix projection Figure 5 as indicated by Obadote [2] and [49] shows gas and 
hydro fuels will maintain their positions as the main drivers of the electricity sector in the short and 
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medium term. Renewable fuels like solar, Biomass and wind are expected to play roles in sustaining 
the Vision 20:2020; though the full potentials are not going to be tapped. 
As of 2008, the energy consumption mix in Nigeria was dominated by fuelwood (50.45%), petroleum 
products (41.28%) and hydroelectricity (8%) [16]. Apart from hydro, Nigeria has not profitably 
explored other RE sources. This argument has been assertively situated by [2, 6, 15, 23, 24] About six 
years after, the empirical situation in the country is at variance with Ajao et al. [64] assertion that 
replacing fossil fuel with RE is the ultimate. These authors somewhat agree with the view expressed by 
Agbaitoro [43] that the notion which states that replacing fossil fuel with RE is the ultimate goal in 
Nigeria is somewhat hasty and lacking sufficient supporting empirical evidence. Agbaitoro [43] 
posited that governments at different levels and the private sector had given RE considerable attention 
recently. However, the current level of RE implementation does not suggest that stakeholders have 
prioritized it. 
 
7. Nreeep 2015: Renewable Energy Policy in Perspective 
There have been several policies on renewable energy in Nigeria which analyzed the renewable energy 
potential of the country and possible strategy for exploration. These include: National Energy Policy 
(NEP) [65-67]; Renewable Electricity Policy Guidelines (REPG) [68]; Renewable Electricity Action 
Programme (REAP)[69], National Economic Empowerment and Development Strategy 
(NEEDS)[70];Nigerian Biofuel Policy and Incentives (NBPI) [71]; Renewable Energy Master Plan 
(REMP) [47, 72];  and most recently approved National Renewable Energy and Energy Efficiency 
Policy (NREEEP), [73].  
As stated in the policy document, the cardinal idea behind NREEEP is to diversify the present 
monotonous inefficient electric power source in Nigeria by improving the energy mix and increasing 
the share of renewable energy resources contribution to national utilization. The policy was tailored to 
align with the best renewable energy practices across the globe. 
The purpose of NREEEP, [73] among other things can be summarized as follows; 
i)    Set out a framework for action to address Nigerians challenge of inclusive access to modern and 
clean energy resources, improved energy security and climate objectives. These will also incorporate 
provisions for renewable energy and energy efficiency generation activities into state policy statements 
and plans, and recognizes the importance of enabling a framework for private investment in renewable 
energy and energy efficiency; 
ii)    Declare that the proportion of Nigeria’s electricity generated from renewable energy sources shall 
increase to a level that meets or exceeds the ECOWAS regional policy targets for renewable electricity 
generation and energy efficiency for 2020 and beyond and also set national targets for achievements in 
electricity from renewable energy and energy efficiency capacity addition by 2020 and beyond. 
iii)    Make it mandatory for the Ministry of power to facilitate the development of an integrated 
resources plan (IRP) and ensure the continuous monitoring and review of the implementation and 
effectiveness of the action plans prescribed under the national policy statement. 
This policy, having identified the resources situation and the technology of the country, focuses on 
hydropower, biomass, solar, wind, geothermal, wave and tidal energy power plants and cogeneration 
plants for energy production, as well as the improvement of energy efficiency as an additional source 
of energy. For each element of renewable energy, the policies, objectives, and strategies were outlined 
as contained in the National Energy Policy (NEP) [65]. The short-term, medium-term and long-term 
objectives and target were well articulated. 
The overall objective of NREEEP [73] is summarized as follows: 
i. To ensure the development of the nation's energy resources, with diversified energy resources option, 
for the achievement of national energy security and an efficient energy delivery system with an optimal 
energy resource mix. 
10
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ii. To guarantee an adequate, reliable, affordable, equitable and sustainable supply of renewable energy 
at cost-reflective and appropriate costs and in an environmentally friendly manner, to the various 
sectors of the economy, for national development. 
iii. To accelerate the process of acquisition and diffusion of technology, managerial expertise and 
indigenous participation in the renewable energy and energy efficiency sector industries, for stability 
and self-reliance. 
iv. To guarantee efficient, location-specific and cost-effective consumption pattern of renewable 
energy resources and improved energy efficiency. 
v. To promote increased investments and development of the renewable energy and energy efficiency 
sector, with substantial private sector participation. 
vi. To ensure a comprehensive, integrated and well informed renewable energy and energy efficiency 
sector, with plans and programs for effective development. 
vii. To foster international co-operation in trade and project development, in the ECOWAS, African 
Region and the World at large. 
viii. To successfully use the nation's abundant energy resources to promote international cooperation. 
ix. To bring abundant electricity access to almost half of the Nigerian population that is currently 
electricity abstinent, including more sustainable provisions for domestic use and cooking. 
x. To develop the nation’s renewable energy and energy efficiency resources through the establishment 
of an appropriate financing mechanism that supports private investment in the sub-sectors. 
xi. To ensure effective coordination and collaboration 
 
The document also summarized the implementation policies which have been applied successfully in 
other nations. The policy documents identify the regulation and fiscal instrument that have been 
applied. These can be summarized as follow; 
 
i)    Mandatory or voluntary Renewable Portfolio Standards (RPS), which define the percentage of 
energy generated that must come from renewables by a given target year; 
ii)  Generation Disclosure Requirement (GDR), which is applicable when consumers have a retail 
choice and have a preference for renewables; 
iii)    Power Production Tax Credit (PTC) to electricity generation companies, which is aimed at 
incentivizing the adoption of renewable energy; 
iv)    Feed-in tariffs (FIT), which typically incentivize electricity producers by offering more favorable 
pricing for electricity produced through renewables; 
v)    The adoption of a Public Benefits Fund (PBF), which requires that a certain percentage of the 
tariff is dedicated to supporting renewable energy generation projects on and off the grid; 
vi)    Bidding rounds through national renewable energy independent power producer procurement 
program; 
vii)    Provision of capital grants, tax holidays and exemptions, other incentives for renewable energy 
projects; 
viii)    Net metering framework. 
 
It is observed that NREEEP policy document did not expatiate on the waves and tidal energy option 
despite its availability, the reason posited was that there were no sufficient Research and Development 
focuses on this subject. This is in line with the position of [22]. The NREEEP document projected the 
contribution of the RE based on 7% GDP growth over a short-term (2015), medium term (2020), and 
long-term (2030)[73] 
These authors find the policy document very comprehensive and in line with the best practices around 
the globe. However, much has not been done in the area of implementation, and these authors are of 
the opinion that if serious attention is not focussed toward implementation, this report may go in the 
11
1234567890‘’“”
ICESW IOP Publishing
IOP Conf. Series: Materials Science and Engineering 413 (2 18) 012053 doi:10.1088/1757-899X/413/1/012053
way of other lofty policy papers which were not properly explored. The objectives should be to explore 
the relative renewable energy advantages for different state and local government [14, 20, 21]. With 
this, the country will be able to thoroughly analyze the area of strength of each state to tap their 
renewable resources. More so, this policy is capable of turning around the finances of so many states in 
Nigeria, which are currently battling with an insufficient allocation from the federal government. 
 
8. Prospect of Renewable Energy to revolutionize Nigeria power sector:     The obstacles and 
leverages. 
It is very obvious from the current status of RE in Nigeria that the application of RE technologies for 
electric power generation has been slow and not well implemented despite an explicit policy paper. 
Some sort of stimulatory measures were put in place to promote RE service provision in Egypt, South 
Africa, and Malaysia, the same measures were outlined by Shaaban and Petinrin [21]. Therefore, for a 
successful penetration of renewable energy in Nigeria, which is capable of bailing the country out of 
her present energy crisis, it is apt to evaluate different international best practices and policies for RE 
integration. Therefore, these authors will discuss the obstacles that must be subdued and also lend their 
impetus to some policy implementation strategies, regulations and legislative frameworks that can 
speed up the development of RE for electric power generation in Nigeria. 
 
8.1. Internal and international politics and policy (IIPP) 
Internal politics of a country and its international goodwill could either serve as a stimulator or barrier 
to the implementation of renewable energy policy. As it is presently observed in Nigeria, the 
successive administrations are not always averse to continue with the policies of their predecessor, 
partly because of their quest to build a name for themselves. This is a counterproductive practice, 
which has left the country with a lot of abandoned projects. There is meant to be a continuum in 
government. To attain a favorable RE level, the enabling and systematic legal and regulatory 
framework is vital. Therefore, the progression of RE technologies demands a formidable political will 
via a well-articulated bureaucratic process that is void of polarity along political affiliation and 
personal interest. From an international perspective, economic-political risk factors play a role in 
determining the attitude of international associates to renewable energy implementation. Economic-
political risk factors arise from the competition around scarce and valuable resources, tensions, 
conflicts and violence resulting from overly abundant, and the risk of the owner of a strategic resource 
using it as a tool a for achieving a political and economic advantage. On the contrary, liberal 
international relations theory presents a perspective and views interdependency as an important 
security-building factor [74, 75]. According to this theory, the more dependent countries are on each 
other, the more secure the world will be, which will also bring security to individual countries. This 
also includes energy security. 
For instance, Lilliestam and Ellenbeck [76] analyzed the potential risks to the EU from the new 
interdependencies arising through large-scale imports of renewable electricity from North Africa. By 
comparing the relative importance of stable demand for energy to the supplier and stable supply of 
energy for the user, those authors showed that the EU can be vulnerable to coordinated political action 
from the supply countries, whereas a single country has more to lose than the EU from an action 
restricting the supply of solar electricity. From the illustration above it is obvious that the 
implementation is mostly based on the prejudicial view of the stakeholders. These authors align with 
the position of [75] and advise that renewable energy implementation should not be undermined based 
on prejudice. The larger picture and the common economic interest of the countrymen should engender 
the implementation. 
 
8.2    Financial strategy 
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The initial start-up cost of renewable energy plant is always the major obstacle for the potential 
investors. Although the renewable energy resources have low operational and maintenance cost, the 
upfront capital investment is high compared to conventional energy alternatives. Another obstacle is 
the common perception about RE as been untested technologies. This notion has drastically reduced, 
thanks to the recent development in renewable energy applications. The investors are left to decide 
against the odds of economic risks and uncertainties. In a dwindling and recession infected economy 
like Nigeria, with very high demand on meager capital resources, the investor may face the high cost 
of the transaction and restricted access to capital. This inadequate access to financing, cum high-
interest rates, culminate in the primary barriers hampering the RE market growth [13]. 
 
a.  Fiscal issues 
Fiscal incentives can be introduced to address some of the obstacles to RE development. This can be in 
the form of tax exception on RE equipment that is imported into the country, and a tax holiday on the 
RE incomes [36]. Also, the country can introduce environmental taxes, as it has proven to be very 
successful in Denmark. Although, this may be a gradual process in the case of Nigeria because of weak 
environmental policy and inadequate alternatives to fossil fuel. Denmark energy consumers have been 
charged a CO2 tax and some of the revenue generated goes to generators of electricity from renewable 
energy [77]. In the Netherlands, industries received accelerated depreciation of investment in 
equipment when invested in renewable and energy efficiency projects [78]. Considering the 
environmental merits of RE, increased government support will cushion the current exorbitant capital 
investment requirement which is associated with RE technologies, hence encouraging the private 
sector to invest in RE. Fiscal and financial incentives should cut across business stages, from 
incorporation to production. 
The fiscal support should be more in the form of production tax credit as against tax incentive on 
investment. This will motivate the owner to ensure the effective and efficient function of the power 
plant and reduce the possibility of abuse like it was previously observed in fuel importation subsidy 
regime and duty-free importation of goods which was severely abused for personal purposes.  
 
 
b. Legislation and Relation matters 
To achieve sufficient electric power supply where renewable play a vital role, relevant policy 
framework must be in place. This must include regulatory instruments which provide a conducive 
environment for both international and domestic investors. The legislation must be devoid of any 
ambiguity, hence the roles of all the stakeholders at every level of renewable energy development must 
be well clarified. [18]. 
In other countries, several legislative supports have been lent to RE development; this includes Feed-in 
Tariff in Germany and Brazil; Auction regime in Brazil; Quota obligation in the USA  [22]. These 
legislative inputs have helped to position these countries in maximizing the benefit of RE. 
With a proper legislation backed tendering procedure, the need for financial assistance is drastically 
reduced. In a situation where there is no well established tendering arrangement, subsidy arrangement 
presents itself as the main instrument. This has been successfully implemented as in the Swedish wind 
energy schemes [79]. However, such an approach must be done with a lot of caution because of 
Nigeria previous experience on petroleum products subsidy regime, which was thoroughly bastardized 
through corruption and rent taking. 
 
c.  Research and Innovation  
The sustainability of any RE policy is contingent upon R&D Most of the previous R&D programs in 
Nigeria are typically in the form of grants which often do not have any expectations of the financial 
gain to the country. However, it is very important that funded R&D program develops patentable 
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technologies. And the researcher must be held to their targets as it is presently obtainable in China. 
Also, the government of Australia has used their competitive grant scheme christened Renewable 
Energy Demonstration Programs (REDP) to encourage the development of large-scale RE and mini-
grid project [80]. Nigeria can also key into such R&D strategy for accelerated RE development. Proper 
dissemination of information is also necessary to get the citizen more acquitted with the efforts of the 
government in the direction of RE. 
 
9. Conclusion and recommendation 
These articles review the renewable energy progress in Nigeria and also make a case for a proper 
implementation strategy. It is very clear from the current status of RE in Nigeria that its application in 
electric power generation has been very slow. The policy is well articulated, but innovative strategies 
are urgently needed for implementation. These measures which can give meaning to different policy 
paper will come in form of regulations, legislative framework, licensing arrangements for private-
sector operators, Feed-in Tariffs and clarifying market rules for RE services and products. 
The authors have discussed some policies, regulations and legislative frameworks that can speed up the 
development of RE for power generation in Nigeria. Moreso, RE could be the solution to the present 
problem of rural electrification. And it may be a major approach to get Nigeria out of the present 
economic situation. 
Most of the Nigeria power generating facilities are operating at low efficiency. Therefore, the present 
Transmission and distribution network should be technically reviewed so as to accommodate 
renewable energy contribution to the national grid. Grid connected to the wind, solar, biomass power 
project can be developed on a fast track basis which can be commissioned within 1- 2 years. This 
could be a quick fix for the ongoing electricity crisis and contribute to improving the revenue and 
fiscal stability of the country. Since the plan is already underway for the implementation of the Nuclear 
power plant, the government of Nigeria should be careful to ensure a transparent feasibility study and 
analysis which is devoid of political interference. The safety of the nuclear power plant must be 
carefully addressed given the volatile security situation in the country. 
The Implementation issues that have been identified should be holistically addressed. The 
implementation progress can be fully monitored by taking advantage of the Information Technology as 
have been successfully tried in other countries such as Malaysia. This will engender transparency and 
boost the confidence of the investors. Also, comprehensive studies should be conducted to implement 
renewable energy in rural and nongrid-connected areas of the country. This can be done through a 
participatory community-based business model. An energy policy which encourages efficiency should 
be devised. The manufacturing standard should be developed in such a way to eliminate energy- 
inefficient devices from the market.  
A capacity building programs for all stakeholders at all levels of governance should be implemented. 
This will improve the performance of different governmental agencies that have roles in renewable 
energy implementation. The research funding for Renewable energy should be improved and 
monitored so as to identify the localized solution to disseminate the use of renewable energy. 
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This review article discusses the sources and heating value of lignocellulosic biomass. It echoes 
what has been previously confirmed as potentials of lignocellulosic biomass (LCB). However, most 
research often do not report the environmental impact of LCB and other bioresources. Global 
biofuel production from 2000-2016 were reported. Also, the factor which affect the composition 
and thermal behaviour of biomass were highlighted. Among all, geospatial location was identified 
as significant since it affects some other factors such as climate, soil type, soil pH and so on. The 
structural component of biomass was briefly discussed while the biomass conversion route was 
presented. The article emphasizes the need to include environmental impact assessment in all 
biomass related studies. It also observed that most articles reviewed did not mention the geospatial 
locations from where their feedstocks were harvested and recommended that such information 
should be deliberately included to ensure replicability of result.  
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Abstract. Most recently, there is a renewed interest in the generation of energy from biomass 
given its abundance and its perceived ability as an alternative to a fossil fuel, which significantly 
contributes to greenhouse gas emission. Given this, lignocellulosic biomass has been 
acknowledged as the most abundant biomass stock for renewable energy generation across the 
globe. The socio-economic significance is also very overwhelming. This review article takes stock 
of different sources of lignocellulosic biomass and also different experimental procedure, which 
has been applied in the determination of the heating value and elemental composition. The review 
concluded that most of the research paper often echoed the enormous energy potential of biomass 
without thoroughly highlighting their contribution to greenhouse gas emission. It was also 
observed that it is only a few papers that have analyzed the effect of mixing on the heating value 
and elemental composition, while there are few direct comparisons of the biomass by geographical 
location. In overall the authors advocate for a more harmonized database for biomass. 
Keywords: Lignocellulosic, proximate analysis, ultimate analysis, mixing, biomass. 
 
1. Introduction  
Among all the renewable energy options, biomass can be considered as the most abundant with the most 
significant potential, which can meet energy requirements of the globe and could provide energy supply in 
the future just as the world is earnestly seeking a way out of the consumption of fossil fuel. Also, 
sustainable development of a country decisively depends on the energy sustainability[1-3]. Biomass can 
be defined as an organic material which originates from plants and animals via a spontaneous or induced 
biological process. It is usually referred to certain types of wood, energy crops, marine algae, agricultural 
and silvicultural waste, and certain animal, industrial and human wastes[4, 5]. The phytomass and zoomass 
are often generally referred to as biomass.  
 Biomass exploration has the potential to employ thousands of people along the entire value chain. The 
growth of biomass power market has been supported by the gradual use of biomass in electricity 
generation. Based on political considerations, interest in bioenergy is driven by some major factors: 
increasing energy prices, energy security, rural development, in addition to the effect of climate change[6]. 
In the developing countries bioenergy may represent real time opportunities for domestic and industrial 
revolution towards economic growth given its abundance from various sources [7]. In a year, the 
production of biomass is around eight times the summation of other types of renewable energy sources [8] 
and it the only renewable resources which can be converted directly to liquid fuel [9]. 
Achieving sustainable fuel production means: developing fuels from raw materials that are locally sourced 
to avoid transportation over a long distance; that the production process does not encumber the land and 
take up so much water; and in overall, drastically reduce the Green House Gas (GHG) missions[10]. This 
is exactly where the biomass comes into play. Energy from biomass supplies 10% of global energy 
demands [7]. Biomass can be used in its natural state as fuel and can be refined to different kinds of 
biofuels, which are solid, liquid and gaseous fuels. These fuels can be applied in electricity production, 
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transportation, heating and cooling across all the economic sectors of the society, considering criteria such 
as energy efficiency, applicability, environmental impact, and flexibility[11-13]. Therefore, bioenergy is 
now a global energy commodity. 
As at 2011, European Commission (EU) had set a long-term goal to develop a competitive, resource 
efficient and low carbon economy by 2050 which is significantly built on bio-economy [13].From different 
scenarios that were analysed by EU, it was indicated that a cost effective economic pathway demands a 
40% household decrease in Green House Gas(GHG) emissions for 2030 compared to 1990 levels, and 80% 
for 2050.The energy sector was identified as an important contributor to attaining cost effective 
economy[13]. Bioenergy production is expected to account for about 57 % of the renewable energy use in 
2020, of which 45 % will consist in heat and electricity production from biomass, and 12 % will be 
provided by biofuels[14, 15]. Such was an audacious move intended to eradicate all non-bio-based material 
in European countries economy. 
The aim of this present survey is to review the classification, availability and utilization of biomass, to 
review the properties, application and classification of lignocellulosic biomass; to describe the current 
trends in the experimental analysis of lignocellulosic biomass, to collect the most recent experimental 
results for the structural, elemental composition and heating value, and to identify the possible gaps in the 
experimental analysis of lignocellulosic biomass. 
2. Biomass energy availability and utilization 
The utilization of biomass has proven to be tremendously advantageous. The vast uncultivated land in most 
developing countries can be used to plant energy crops which can serve as a source of income and water 
retention of the soil under controlled conditions. The use of agricultural biomass residue can reduce the 
risk of forest burning and insect invasion while establishing a new market, but that has not been the case. 
For instance, billions of tonnes of straw and similar plant residues are annually available across the globe, 
but the utilization is very dismal. In each year, below 100 million tonnes are converted to energy while the 
remaining are usually burnt or left to decompose[7]. The consequent of this practice is the emission of 
greenhouse gases. This practice is the same, be it rice residue in Asia, sugar cane residue in Brazil, wheat 
stalk in Australia, soybean residue in Argentina, cotton in Egypt or palm oil in Indonesia and also the vast 
amount of higher moisture content biomass around the world, such as manures, abattoir wastes, and green 
leafy material[7].As shown in Figure 1, the global consumption of biofuel sourced from biomass has been 
on the increase, and this trend promises to continue provided all issues surrounding the exploration of 
bioenergy is frontally addressed. 
 
Figure 1:World biofuel production over sixteen years [16] 
The growth of renewable energy applied across the globe in electricity generation since 1990 at the rate of 
3.6 % per annum is slightly faster than total electricity generation growth rate, which stands at 2.9%. There 
has been a steady increase from 19.4 % in 1990 to 22.8 % in 2015.The contribution of the renewable energy 
used in the production of electricity increased from 1.3% in 1990 to 6.8% in 2015[16-18]. As shown in 
Figure 2, in 2015, renewable energy was the third largest contributor to global electricity production. They 
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contributed 22.8% of world electricity generation, after coal (39.3%) and gas (22.9%) and ahead of nuclear 
(10.6%) and oil (4.1%)[16]. Apart from hydro which contributed 16% of renewable energy, biofuel and 
waste accounted for 1.9% of the total renewable energy contribution while others (solar, wind, geothermal, 
tidal) jointly accounted for 4.8%.  
 
   
 
 
 
 
 
 
 
 Figure 2:Fuel shares in global electricity production, 2015[16] 
Globally, bioenergy which includes waste accounts for 14% of the world’s energy consumption in 2012 
with roughly 2.6 billion people dependent on traditional biomass to meet their energy needs[17]. The 
consumption and production pattern of bioenergy varies geographically. USA and Brazil lead the world in 
production and consumption of liquid biofuels for transportation (accounting for almost 80% of 
production). Figure 3, shows the biofuel production across the globe in the last sixteen years. The use of 
biomass for electricity which is predominantly sourced from forestry products and residues is common in 
Europe and North America [16]. The Europe and America contribute more than 70% of all consumption 
of biomass for electricity[19]. Although there has been some improvement in biomass to biofuel generation 
in Africa, it is interesting to note that Africa has not performed up to global expectation despite her 
enormous biomass resources. Africa has great potential to play a leading role regarding the biomass energy 
exploration given her large bio-resources, land mass and human capital. This implies that there is still so 
much to be done to improve the fortune of this continent in term of bioenergy.  
 
 
 
 
 
 
 
 
 
 
Figure 3:Biofuel Production in the last sixteen years for different regions in the world[18] 
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In the transport sector, the production of corn ethanol in USA and sugarcane ethanol in Brazil has increased 
significantly. The production of all biofuels in America increased from about 16 billion litres in 2000 to 
79 billionlitres in 2012[16]. A significant sector for future use of biofuels is the aviation sector. Liquid 
biofuels are the only sustainable and viable option for replacing aviation fuel and efforts are underway 
where airlines, airports, finance institutions, and universities are coming together to explore sustainable 
aviation pathways. Commercial airlines using biofuels have already flown transatlantic routes. Other 
important sectors include heavy road and maritime where biofuels can play a big role. In 2013, 462 TWh 
of electricity was produced globally from biomass[19]. In the past few years, biomass uptake in developing 
countries such as Asia and Africa where significant population lacks access to electricity has increased. 
Biogas and decentralized bioenergy systems are becoming more cost competitive. Already co-generation 
plants using agricultural residues like Bagasse in India, Mauritius, Kenya, and Ethiopia are successful. 
Currently, the major use of biomass is in the form of heat in rural and developing countries[20].  
The usability of these biomasses has been a subject of intense investigation. Several researchers have 
attempted to investigate different properties of biomass using various approaches. They include the 
elemental composition, the heating value, physical composition, chemical composition and little about the 
environmental impact of the exploration of these biomasses for energy production[21-38].  
3. Classification of Biomass Resource 
In view of the diversity of the sources of biomass, a classification which eases the process of prediction of 
the properties of biomass is very vital. Khan et al.[39]proposed two classifications of biomass; based on 
origin and properties. These have been discussed in[11] and it is outlined here as follows; 
 
Table 1:Classification of biomass 
Based on Origin Based on properties 
Primary waste, e.g. grain waste, wood waste Wood and woody fuel (newly harvested soft and hardwood 
Secondary waste, e.g. food processing residue and 
sawdust. 
Agricultural biomass (Stray, stalk, grass, Stover) 
Tertiary waste, e.g. wood used in construction Aquatic biomass (Algae) 
Energy crop, e.g. cassava tuber  Animal and human waste (bones, manure, etc.) 
Municipal biomass (solid waste, organic waste, sludges, 
refuse. 
Biomass mixtures 
 
3.1 Factors affecting the composition of biomass. 
The composition and thermal properties of the biomass is determined by an interplay of several factors. 
These factors affect the characteristics of biomass to a different extent. While some play very significant 
roles, the effect of others is negligible. These factors have been outlined as follows[28]; 
 
• Types of biomass 
• Parts of biomass plant and the species 
• Growth process and growing conditions 
• Geographical location 
• Climate and seasons 
• Soil types 
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• Water and nutrients and soil pH 
• Age of plant 
• Presence of pollutants and contaminants and the proximity to the pollutants 
• Harvesting time and technique 
• Transport and storage condition 
• Mixing of biomass from multiple sources 
 
 The wood species grown in different geographical location showed slight differences in their elemental 
composition. Also, contaminants are introduced during transportation and industrial processing of natural 
biomass. This contaminant maybe dust particles and various left over from construction material, plastic 
rubbers, metals, chemicals, char, detergent, paints, coloured paper and so on[27, 40]. With regards to the 
mixing of biomass and presence of contaminants, combination of biomass from diverse sources maybe an 
advantage when it concerns the generation of sufficient fuel which can be applied on an industrial scale. 
Since a single source and the cost of sorting of biomass from multiple sources may not be sustainable in 
the long run, the effect of mixing and contamination should be a subject of more scientific investigations. 
From the above and other related factors Vassilev et al.[28]identified some issues concerning the 
investigation on biomass. These can be summarized as follows: there is incomplete information in regards 
of life cycle assessment of most biomass which has been reported in the literature; in most cases, 
investigations do not detail the environmental impact of the selected biomass. However, there has been 
deliberate attempt to standardize the testing procedure so as to ensure uniformity in testing procedure and 
reportage[25, 41, 42]. Also, there is insufficient information on the biomass processing technique and 
ambiguous definition of resources potential. For instance, the location of the biomass, the manner in which 
they are collected, the storage process, and the exact condition of the biomass before analysis not often 
clearly outlined. This information is very vital in the analysis and application of a particular class of 
biomass on the industrial scale. 
 
4. Lignocellulosic Biomass 
Lignocellulosic materials are abundantly available and usually not expensive. From the literature survey, 
global annual production of Lignocellulosic biomass stands at around 181.5 billion tonnes[43].  About 
50 % of the global biomass resources are made of Lignocellulosic biomass which is estimated at 3 × 
1014 kg[44]. Several studies have confirmed that Lignocellulosic biomass holds great potential for 
sustainable energy generation and it is globally available, be it in the developing countries or developed 
countries[45]. Also, cellulose which is a vital component of Lignocellulosic biomass has a real potential 
to displace petroleum based fuel products[46]. Lignocellulose is a generic term for describing the main 
constituents in most plants, namely cellulose, hemicellulose, and lignin. It is a complex matrix, comprising 
many different polysaccharides, phenolic polymers, and proteins. Cellulose, the major component of cell 
walls of land plants, is a glucan polysaccharide containing large reservoirs of energy that provide real 
potential for conversion into biofuels. Lignocellulosic biomass consists of a variety of materials with 
distinctive physical and chemical characteristics. It is the non-starch based fibrous part of plant material. 
First-generation biofuels (produced primarily from food crops such as grains, sugar beet, and oilseeds) are 
limited in their ability to achieve targets for oil-product substitution, climate change mitigation, and 
economic growth. Their sustainable production is under the scanner since it has the possibility of creating 
undue competition for land and water used for food and fibre production. 
These concerns have increased the interest in developing biofuels produced from non-food biomass 
feedstock from lignocellulosic materials which includes cereal straw, bagasse, forest residues, and 
purposely grown energy crops such as vegetative grasses and short rotation forests [28]. These second-
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generation biofuels could avoid many of the concerns facing first-generation biofuels and potentially offer 
greater cost reduction potential in the longer term.  
Lignocellulosic materials consist mainly of three polymers: cellulose, hemicellulose, and lignin. These 
polymers are associated with each other in a hetero-matrix to different degrees and varying relative 
composition depending on the type, species, and even source of the biomass. The relative abundance of 
cellulose, hemicellulose, and lignin are key factors in determining the optimum energy. Extensive 
discussion has been done on lignocellulosic biomass by several researchers.[34, 37, 43, 47, 48]. Therefore, 
a brief description of the classes is sufficient in this survey. 
 
4.1 Brief description of the major components of lignocellulosic biomass 
4.1.1 Cellulose 
Cellulose is the most abundant member of the trio, followed by hemicellulose and lignin[43]. Its structure 
is made of tightly knighted hydrogen bond due to complex inter and intramolecular relationship. Since 
about half of the organic carbon in the biosphere is present in the form of cellulose, the conversion of 
cellulose into fuels and valuable chemicals is a vital process in energy generation from biomass[49]. 
4.1.2 Hemicellulose 
Hemicellulose is the second most abundant polymer. Unlike cellulose, hemicellulose has a random and 
amorphous structure, which is composed of several heteropolymers including xylan, galactomannan, 
glucuronoxylan, arabinoxylan, glucomannan and xyloglucan. It is a heterogeneous group of branched 
polysaccharides which serve as a connecting medium between the lignin and cellulose[34] 
4.1.3 Lignin 
Lignin is a complex, large molecular structure with a cross-linked phenolic polymer which is linear with 
no regular repeating units. Lignin serves as a binder between hemicellulose and cellulose in the cell wall 
[37]. Softwoods have a greater lignin content than hardwoods[37]. 
In energy generation from biomass, especially biochemical conversion process, the relative amount of 
cellulose and lignin are major determining factors for their suitability[50]. 
Table 2 shows the structural composition of some Lignocellulosic biomass. For most of these biomasses, 
the biodegradation of cellulose is greater than lignin and Hemicellulose. It should be noted that the 
conversion of cellulose is higher than lignin due to its biodegradation[51].   
 
Table 2: Lignocellulosic biomass and their structural composition[37, 52-54] 
Lignocellulose 
biomass class 
Source Lignin Hemicellulose Cellulose 
Wood biomass Oak 
Eucalyptus 
Pine 
Spruce 
Poplar 
Douglas Fir 
Ailanthus wood 
35.4 
21.5 
26.8 
27.5 
15.5-16.3 
27.0 
22.2 
21.9 
18.4 
24.0 
21.2 
26.2-28.7 
11.0 
22.6 
43.2 
54.1 
45.6 
50.8 
58.8-53.3 
44.0 
46.7 
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Albizia 
Birchwood 
Beechwood 
Furniture sawdust 
Subabul wood 
Oak 
Pine 
Spruce 
Wood chips 
Wood bark 
 
33.8 
15.7 
21.9 
22.16 
24.7 
35.4 
26.8 
27.5 
19.0 
31.0 
 
6.7 
40.0 
31.8 
32.63 
24.0 
21.9 
24.0 
21.2 
31.8 
47 
 
59.5 
25.7 
45.8 
37.23 
39.8 
43.2 
45.6 
50.8 
31.8 
22 
 
 
 
Agricultural 
residue 
Corn cob 
Cornstalk 
Corn Stover 
Bagasse 
Cashew nutshell 
Banana waste 
Barley straw 
Tea waste 
Rice Husk 
Rice straw 
Millet husk 
Sorghum bagasse 
Hazelnut shell 
Hazelnut seed coat 
Groundnut shell 
Coconut shell 
Nuts shell 
Flax straw grape 
residue 
Tobacco leaf 
Tobacco stalk 
15-16.6 
15.59 
14.4 
18.3 
40.1 
14.0 
27.7 
40.0 
14.3 
13.6 
14.0 
10.0 
51.5 
53.0 
30.2 
28.7 
30-40 
28.9 
12.1 
27.0 
28.7-35 
43.01 
30.7 
22.6 
18.6 
14.8 
29.7 
19.9 
24.3 
22.7 
26.9 
24.0 
15.7 
15.7 
18.7 
25.1 
25-30 
34.40 
34.40 
28.2 
40.3-45 
22.82 
51.2 
41.3 
41.3 
13.2 
48.6 
30.2 
31.3 
37.0 
33.3 
41.0 
22.9 
29.6 
35.7 
36.3 
25-30 
36.70 
36.30 
42.4 
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Bast fibre seed flax 
Bast fibre jute 
Bast fibre kenaf 
Coffee pulp 
Leaf fiber Abaca 
Leaf fiber Sisal 
 
23 
21-26 
15-19 
18.8 
8.8 
7-9 
 
25 
18-21 
22-23 
46.3 
17.3 
21-24 
 
47 
45-53 
31-39 
35 
60.8 
43-56 
 
Energy grasses Giant reed 
Switchgrass 
Pennisetum 
Silver grass 
Cat grass(orchard) 
Phalaris 
arundinacea 
Alfa grass 
Willow copies 
Orchard grass 
Water hyacinth 
 
19.0-17.6 
19.1-17.8 
18.5-16.5 
17.5-17.1 
4.70 
7.6 
17-19 
20 
4.7 
3.5-3.55 
30.0-29.5 
27.2-27.8 
22.53-21.93 
26.2-25.6 
32 
42.6 
27-32 
49.3 
40 
48.7-49.2 
37.0-36.1 
38.2-36.5 
41.8-40.9 
44.1-43.3 
40 
29.70 
33-38 
14.1 
32 
18.2-18.4 
Energy crop Bamboo 
Sugarcane 
Jerusalem artichoke 
(October) 
Jerusalem artichoke 
(September) 
Hemp 
Silage 
 
 
21-31 
22.9 
5.70 
5.05 
8.76 
9.02 
15-26 
31.3 
25.99 
20.95 
53.86 
39.27 
 
26-43 
45.8 
4.50 
5.48 
5.18 
25.96 
Municipal Waste Urban wood 
Urban greening 
Municipal biomass 
Sewage sludge 
Waste material 
- 
22.73 
- 
- 
24.7 
- 
22.96 
- 
- 
29.2 
- 
6.86 
- 
- 
50.6 
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Newspaper 
Kraft paper 
General MSW 
Food waste 
Sorted refuse  
 
18-30 
20.8 
10-14 
11.4 
20 
 
25-40 
9.9 
9-16 
7.2 
20 
 
40-55 
57.3 
33-49 
55.4 
60 
 
4.2 Main Lignocellulosic biomass conversion route 
Figure 4 shows the main conversion route for lignocellulose biomass. Three main processes through which 
energy can be generated from Lignocellulosic biomass were identified. Combustion is mostly used since 
it accounts for almost 97% of the bioenergy which is harnessed across the world[55]. It is particularly 
important in developing countries [56]. Combustion can be divided into three stages, which are drying, 
pyrolysis, and reduction. The last stage can generate up to 70% of the total heat of all the stages[37]. It is 
advised that only true end wastes should be applied in energy production in order to ensure that fixed CO2 
is not returned early into the atmosphere[57]. 
 
Figure 4:Main Lignocellulosic biomass conversion route [37, 57] 
5. Environmental impact assessment of Lignocellulosic biomass 
While researchers often focus on the thermal properties, elemental composition and chemical composition 
of Lignocellulosic biomass, little emphasis is laid on the environmental impacts about their contribution 
to greenhouse gas emission. Performance analysis of any biomass source must include a detailed life cycle 
assessment[42], which should include its environmental impact. It should be noted that greenhouse gas 
(GHG) is present in biomass even if it is in traces. The multiple effects of these maybe very significant 
when considering biomass for industrial energy generation.  
One important factor which is often overlooked when considering the use of biomass to reduce global 
warming is the time lag between the instantaneous release of CO2 from burning fossil fuels and its eventual 
uptake as biomass, which can take many years[25]. One of the dilemmas facing the developed world is the 
need to recognize this time delay and take appropriate action to mitigate against this lag period. An equal 
dilemma faces the developing world as it consumes its biomass resources for fuel but does not implement 
a programme to ensure replacement planting. 
10
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The advocates of biomass energy based their argument on the “carbon neutrality” of biomass. This means 
there is no net contribution of carbon dioxide to global warming [25, 58]. As much as this argument may 
be valid, biomass is not just a lump of carbon; it contains sulphur, nitrogen and several other vital nutrients 
in different ratios. An intensive cultivation of biomass and usage of such for energy generation has other 
implications apart from carbon capture. As at 1999, agricultural activities have been reported to generate 
more than 75 % of emitted reactive nitrogen compounds[59].The significance of this value will be 
appreciated more if it is understood that each molecule of nitrogen oxide has 300 times global warming 
potential when compared with carbon dioxide[60]. Therefore, the contribution of each potential GHG 
elemental component of biomass must be accounted for because of the cumulative effect for industrial-
scale biomass energy plant. 
The combustion of biomass produces significantly fewer nitrogen oxides and sulphur dioxide than the 
burning of fossil fuels. But, if a forest region is indiscriminately cleared for fuel, the CO2level will increase 
because its released into the atmosphere is not recycled for new growth[61].On the basis of Table 3, an 
attempt was made to review the research articles on the experimental investigation of the heating value 
and elemental composition of lignocellulosic biomass and to identify the geographical locations from 
where the biomasses were sourced. Also, the review considers the extent to which emphasis was placed 
on the GHG emission potential from biomass utilization for energy generation. 
 
Table 3: Review of the contribution on geographical location and GHG  
Author Lignocellulosic Biomass samples 
group and variety 
Geographical  
Location of biomass 
samples 
Contribution 
to GHG 
emission 
Comment 
 Wood and woody biomass 
 
   
[62] 
[63] 
Downy Birch bark 
 
South Norway Not 
highlighted 
The information 
supplied on the location 
of biomass is 
insufficient. 
[23] Olive husk Turkey Not 
highlighted [64][12] Hazelnut husk Baghchung reserve 
forest, Assam, India Hazelnut seed coat 
Spruce wood 
Beechwood 
 Ailanthus wood 
[64] Albizia Baghchung reserve 
forest, Assam, India 
Not 
highlighted 
[65] Furniture sawdust Not stated Not 
highlighted 
[66, 67] Oak Not stated  
[17] Pinewood Saskatchewan forest, 
Canada 
Not in the 
objective. 
 
The study site was 
clearly described 
 Pine sawdust Huazhong 
University, China 
Not in the 
objective. 
 [68] Eucalyptus bark Undonthani, Thailand 
[26] Eucalyptus wood 
 Subabul wood 
 Agricultural residue   
 Banana waste  
[48] Paddy straw Indonesia 
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[37, 48, 69, 
70] 
Bagasse Wakiso District, 
Uganda, Ombo 
forest, Kakamega 
frest, Aloso forest, 
[71, 72] Sugarcane leaves North east, Thailand 
 Sugarcane tops 
Cassava stalk 
Cassava rhizome 
[37, 73] 
 
Corncob Rosenberg, Germany 
and Ado Ekiti, 
Nigeria 
 
 Tea waste Turkey 
[23, 69] Corn Stover Turkey 
Corn stalk 
Tobacco leaf 
 
Tobacco stalk 
[23, 66] Wheat straw Turkey and 
Saskatchewan forest, 
Canada 
Not in the 
objective. 
 
The study site, Test 
procedure and the 
equipment were clearly 
discussed. 
[66] Barley straw Saskatchewan forest, 
Canada 
Not in the 
objective. 
 
The study site was 
clearly described 
[66] Flax straw Saskatchewan forest, 
Canada 
[69] Coconut coir Bombay, India Not in the 
objective. 
 
The study site was not 
clearly described Coconut shell 
Millet husk 
Rice husk 
Rice straw 
Groundnut shell 
[28] Oat straw 
[74] Cotton waste Maharashtra, India Not in the 
objective 
The information 
supplied on the location 
of biomass is 
insufficient. 
Soybean waste 
[75] Kernel olive Morocco 
 
Not in the 
objective 
The information 
supplied on the location 
of biomass is 
insufficient. 
Eucalyptus sawdust 
 Energy grasses    
[76] Willow coppice Not state Not in the 
objective 
The study site was not 
clearly described Switchgrass 
Elephant grass 
Orchard grass 
Esparto grass 
Wild reed 
[77] Timothy grass Latvian Not in the 
objective 
The information 
supplied on the location 
of biomass is 
insufficient. 
Hemp 
Straw  
Reed 
Reed canary grass 
[48] Imperata cylindrical Assam and Manipur, 
North -East India 
Not in the 
objective 
The study site was 
clearly described. Eragrostisairoides 
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Typha angustifolia 
Arundinella khasiana 
Echinochiastagnina 
 Municipal waste   The information 
supplied on the location 
of biomass is 
insufficient 
 Newspaper Not stated Not in the 
objective 
[78] Sewage sludge Nanjing, China Not in the 
objective Physical chemical sludge 
Biochemical sludge 
Cardboard Morocco Not stated The information 
supplied on the location 
of biomass is 
insufficient. 
Plastic 
Synthetic rubber 
 Biomass Mixture    
[77] Hemp and peat (15%,30%,50%) Latvian Not stated The information 
supplied on the location 
of biomass is 
insufficient. 
Reed and peat (15%,20%,30%) 
Reed canary grass (15%,30%,50%) 
[79] Wood-agricultural residue Not known Not stated The study site was not 
clearly described Wood-almond residue 
Wood and straw residue 
[75] Biochar and kernel olive 
(25%/75%:50%/50%:75%/25%) 
Morocco Not stated The information 
supplied on the location 
of biomass is 
insufficient. 
Biochar and manure 
(25%/75%:50%/50%:75%/25%) 
Biochar and Eucalyptus sawdust 
(25%/75%:50%/50%:75%/25%) 
Biochar and sugar cane 
(25%/75%:50%/50%:75%/25%) 
Biochar and wood sawdust 
(25%/75%:50%/50%:75%/25%) 
Activated Biochar and Kernel oil 
(25%/75%:50%/50%:75%/25%) 
Activated biochar and cattle manure 
(25%/75%:50%/50%:75%/25%) 
Activated biochar and eucalyptus 
sawdust 
(25%/75%:50%/50%:75%/25%) 
Activated biochar and sugar cane 
(25%/75%:50%/50%:75%/25%) 
Activated biochar and wood 
sawdust 
(25%/75%:50%/50%:75%/25%) 
Activated biochar and alfa 
(25%/75%:50%/50%:75%/25%) 
 Contaminated biomass    
[79-82] Shredded currency Not stated Not stated  
Mixed waste paper 
Demolition wood 
Greenhouse-plastic waste 
Refuse derived fuel. 
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5.1 Proximate and Ultimate analysis of Lignocellulosic biomass 
The proximate analysis, ultimate analysis and High temperature composition of biomass have been detailed 
in [28, 37]. It is briefly reviewed in this article; 
5.1.1 Proximate analysis 
Proximate analysis can give an extensive array of information on the characteristics of biomass samples. 
It classifies the biomass in term of moisture, fixed carbon, volatile matter, and ash content. The moisture 
content (M) is an indication of the amount of water present in a biomass sample. It is frequently used in 
the proximate analysis to show that the water content of biomass is a mineralized aqueous solution 
containing cation, anion or non-charged species. Moisture content determines the conversion factor 
between the different bases of analysis of biomass data. This can be expressed as a percentage of the 
biomass weight which are as received, air dried, oven dried and dry ash free basis[34, 83]. As received 
basis is determined from the gross weight of the sample as it arrived at the laboratory and prior to any pre-
treatment. Air dried basis is based on the equilibrium condition between the sample and atmospheric 
humidity with only consideration been the inherent biomass moisture. Dry basis does not consider all the 
moisture component of biomass, be it external or inherent. Dry ash free basis is on the condition that there 
is neither moistures nor ash. Figure 4, shows the transformation principle between the different bases of 
biomass moisture content analysis.  
Ash (A) content is the leftover of a complete combustion of biomass with the primary components which 
includes; oxides of silica, aluminium, iron, calcium, titanium, sodium, potassium. Ash content is among 
the most investigated properties of biomass[28].However, the researchers have not gained full 
understanding due to its complex behaviour. Ash content can be used to determine the bulk inorganic 
matter, prevailing affinity of elements and compound of organic and inorganic matter, and the probability 
of contamination[28]. The understanding of the physicochemical characteristics of ashes is helpful in 
determining the propensity of a biomass source to form a deposit in the boiler[84]. 
 
Table 4: Transformation between different basis of biomass moisture content analysis [34] 
                 Wanted 
Given 
As received (AR) Air dried (AD) Dry (DB) Dry ash free (DAF) 
As received 1 1 − 𝑚𝐴𝐷
1 − 𝑚𝐴𝑅
 
1
1 − 𝑚𝐴𝑅
 
1
1 − 𝑚𝐴𝑅 − 𝐴𝐴𝑅
 
Air dried 1 − 𝑚𝐴𝑅
1 − 𝑚𝐴𝐷
 
1 1
1 − 𝑚𝐴𝐷
 
1
1 −𝑚𝐴𝐷 − 𝐴𝐴𝐷
 
Dry basis 1 − 𝑚𝐴𝑅 1 − 𝑚𝐴𝐷 1 1
1 − 𝐴𝐴𝐷
 
Dry ash free 1 − 𝑚𝐴𝑅 − 𝐴𝐴𝑅 1 − 𝑚𝐴𝑅 − 𝐴𝐴𝑅 1 − 𝑚𝐷𝐵 1 
 
5.1.2 Ultimate analysis 
The ultimate analysis is the determination of elemental composition of biomass. The result from the 
ultimate analysis is more detailed than proximate analysis. The result of this analysis can be used to 
determine the heating value of biomass [85].The aim of ultimate analysis of biomass is to determine the 
organic components which are C, H,N,S, Cl and O and inorganic constituents which are Si, Al, Ti, Fe, Ca, 
Mg, Na, K, S and P [37, 38, 48].The amount of N, S, Cl can give a clue on the environmental impact of 
biomass consumption. Different models of the elemental analyser can be used in the ultimate analysis of 
biomass [86]. However, this procedure is more expensive in comparison with proximate analysis. 
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The Table 5shows the heating value and elemental composition of various kinds of biomass. The mixing 
ratios were described in [75, 76]. However,[75]results show that mixing of several biomass materials has 
some positive effect on the energy content and the heating value but nothing was reported on the elemental 
composition and proximate values. Meanwhile [76], only reported the elemental composition of the 
biomass blends which was selected without making mention of the heating value. 
 
Table 5: Literature review of Experimental analysis of biomass 
Autho
r 
Lignocellulosic 
Biomass group 
Heating 
value(M
J/kg) 
Proximate Analysis (%) Elemental composition (%) 
M VM FC Ash C H N S O 
 Wood and woody 
biomass 
 
   
[62] 
[63] 
Downy Birch bark 
 
18.50-
18.72 
 
11.13 78.7 20.9 0.3 48.4 5.6 0.2 - - 
[23] Olive husk 19.2 9.2 70.3 26.1 3.6 50.0 6.2 1.6 - 42.2 
[64][12
] 
Hazel nut husk  9.0 69.3 28,3 1.4 52.9 5.6 1.4  42.7 
Hazelnut seed coat 19.4 6.8 71.2 27.0 1.8 51.0 5.4 1.3 - 42.3 
Spruce wood 19.7 7.6 70.2 28.3 1.5 51.9 6.1 0.3  40.9 
Beech wood 17.4-18.9 7.4-9.7 74.0 24.6 0.4 49.5 6.2 0.4 - 40.9 
 Ailanthus wood 19.0 8.1 73.5 24.8 1.7 49.5 6.2 0.3 - 41.0 
            
[64] Albizia 17.4 9.7 72.7 25.5 1.8 46.4 5.8 0.6 1.7 45.5 
[65] Furniture sawdust 15.79 7.1 79.43 12.6
9 
0.78 47.42 5.67 0.2 - 46.71 
[67] Oak  0.6 89.7 9.5 0.2 - - - - - 
[66] Pinewood 19.6 5.8 82.4 10.3 1.5 49.0 6.4 0.14 0.01 44.4 
 Pine sawdust 20.54 13.58 70.23 15.0
6 
1.12 50.54 7.08 0.15 0.57 41.11 
[68] Eucalyptus bark 15.7 10.7 76.1 19.7 10.7 38.7 4.5 0.3 <1.8 54.9 
[26] Eucalyptus wood 18.6 7.7 82.6 16.4 1.0 48.7 6.2 0.3 - 44.8 
 Subabul wood 19.78 - 85.6 - 0.9 48.2 5.9 0 - 45.1 
 Agricultural 
residue  
          
 Banana waste           
[48] Paddy straw - 7.3 56.4 15.4 20.9 48.75 5.98 1.99 - 43.28 
[37, 48, 
69] 
Bagasse 14.67-
16.29 
13.2 71.0-
84.2 
13.8 2.1-2.9 43.8-
51.71 
5.32-
5.8 
0.33-
0.4 
 42.64-
47.1 
[71, 
72] 
Sugarcane leaves 18.4 6.7 79.0 8.6 5.7 48.9 6.5 0.2 - 44.4 
Sugarcane tops 18.3 6.6 74.9 12.5 6.0 49.0 6.6 0.6 - 43.8 
Cassava stalk 18.1 8.5 69.7 14.7 7.1 48.8 6.7 1.1 - 43.4 
Cassava rhizome 21.7 8.8 65.0 15.0 11.2 49.5 6.5 1.1  42.9 
[37] Corncob 16.6 12.1 86.5 12.5 1.0 49.0 5.4 0.3 - 44.6 
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Tea waste 16.8 6.5 85.0 13.6 1.4 48.6 5.5 0.5 <0.1 40.9 
[23, 
69] 
Corn Stover 17.6 10.6 78.7 17.6 3.7 42.6 5.06 0.83 0.09 36.52 
Corn stalk 16.54  80.1 - 6.8 41.9 5.3 0 - 46.0 
Tobacco leaf 16.3 8.4 72.6 11.2 17.2 - - - - - 
      - - - - - 
Tobacco stalk 17.6 8.9 79.6 18.0 2.4 - - - - - 
[23, 
66] 
Wheat straw 18.7-20.3 6.0-8.5 63.0-
78.3 
14.4-
23.5 
1.3-
13.5 
41.6-45.5 5.1-6.1 0.14-
1.8 
0.06 34.1-
52.115.
7 
[66] Barley straw 15.7 6.9 78.5 4.8 9.8 41.4 6.2 0.63 0.01 51.7 
[66] Flax straw 17.0 7.9 80.3 8.8 3.0 43.1 6.2 0.68 0.09 49.9 
[69] Coconut coir 14.67 - 82.8 - 0.9 47.6 5.7 0.2 - 45.6 
Coconut shell 20.50 - 80.2 - 0.7 50.2 5.7 0.2 - 45.6 
Millet husk 17.48 - 80.7 - 18.1 42.7 6.0 0.1 - 33.0 
Rice husk 15.29 - 81.6 - 23.5 38.9 5.1 0.6 - 32.0 
Rice straw 16.78 - 80.2 - 19.8 36.9 5.0 0.4 - 37.9 
Groundnut shell 18.65 - 83.0 - 5.9 48.3 5.7 0.8 - 39.4 
[28] Oat straw  8.2 73.9 12.5 5.4 48.8 6.0 0.08 0.5 44.6 
[74] Cotton waste 16.65 4.8 72.05 20.0
5 
3.1 40.6 6.0 0.19 0.9 53.2 
Soybean waste 18.77 5.8 70.5 19.0 4.7 43.8 6.3 1.4 0.8 48.5 
[75] Kernel olive 20.54 - - - - 47.63 6.41 0.97 0.08 44.92 
Eucalyptus 
sawdust 
16.30 - - - - 44.80 6.03 0.84 0.03 48.30 
 Energy grasses 
 Willow coppice 20 2.8 87.6 17.3 6.3 49.9 6.5 0.2 - 39.9 
[76] Switch grass 16.3 9.84 69.14 12.9
3 
8.09 42 5.24 0.60 0.17 33.97 
 Elephant grass 15.61 10.04 65.0 14.6
6 
6.0 44.50 5.4 1.4 - 31.8 
 Orchard grass - - - - - 56.1 5.9 0.4 0.03 37.6 
 Esparto grass 19.1 5.2 80.5 16.8 2.2-8 46.94 6.44 0.86 0.0 43.56 
 Wild reed 24.98 4.34 78.57 12.5
4 
4.54 48.7 6.96 0.36 - 42.96 
[77] Timothy grass 16.7 5.0 77.9 16.0 1.1 42.4 6.0 1.03 0.15 50.4 
Hemp 15.54 8.75 - - - 2.97 - - - - 
Straw  16.02 8.40 - - - 2.10 - - - - 
Reed 15.94 9.16 - - - 2.76 - - - - 
Reed canary grass 15.12 15.68 - - - 5.13 - - - - 
[48] Imperata 
cylindrical 
- 8.55 84.14 0.36 6.95 50.04 5.92 1.15 - 42.9 
Erasgostis airoides - 8.275 86.84 1.23 3.6 41.02 6.72 1.14 - 51.12 
Typha angustifolia - 13.95 80.06 2.18 3.81 52.90 5.84 1.22 - 40.04 
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Arundinella 
khasiana 
- 10.37 80.06 2.18 8.12 41.26 5.40 1.25 - 52.10 
Echinochia 
stagnina 
- 10.27 83.19 0.41 6.13 44.98 5.66 1.86 - 45/50 
 Municipal waste 
 Newspaper - - - - - - -    
[78] Sewage sludge 6.56 - 29.01 3.49 67.50 12.79 1.74 1.20 0.55 16.22 
Physical chemical 
sludge 
19.10 - 69.1 0.5 30.4 32.78 5.81 0.04 0.91 60.09 
Biochemical 
sludge 
17.60 - 65.53 6.6-1 27.86 31,75 5.76 1.54 1.88 59.08 
Cardboard 13.81 - -  - 38.49 5.68 0.82 0.09 54.92 
Plastic 44.81 - - - - 82.61 14.01 0.74 0.00 2.64 
Synthetic rubber 37.82 - - - - 83.96 7.93 0.97 1.14 6.00 
 Biomass Mixture 
[77] Hemp and peat 
(15%,30%,50%) 
15.52,15.
79,16.25 
9.08, 
10.30,1
1.53 
- - 2.60,2.
92,2.88 
 - - - -- 
Reed and peat 
(15%,20%,30%) 
15.84,15.
68,14.89 
10.33,1
0.53, 
14.10 
  3.20,2.
83.2.50 
- -- - - - 
Reed canary grass 
(15%,30%,50%) 
15.16 16.13 - - 4.33 - - -- - -- 
[79] Wood-agricultural 
residue 
- 30.3 54.7 12.7 2.3 56.7 6.6 2.7 0.87 33.1 
Wood-almond 
residue 
- 22.7 59.7 12.3 5.3 50.9 5.9 0.6 0.08 50.9 
Wood and straw 
residue 
 7.3 69.6 15.5 7.6 51.7 6.3 0.4 0.13 41.5 
[75] Biochar and 
kernel olive 
(25%/75%:50%/5
0%:75%/25%) 
23.0/25.0
/26.0 
- - -- - - - - - - 
Biochar and 
manure 
(25%/75%:50%/5
0%:75%/25%) 
16.5/19.0
/23.5 
- - -- - - - - - - 
Biochar and 
Eucalyptus 
sawdust 
(25%/75%:50%/5
0%:75%/25%) 
17.0/21.0
/24.0 
- - -- - - - - - - 
Biochar and sugar 
cane 
(25%/75%:50%/5
0%:75%/25%) 
17.5/21.0
/23.5 
- - -- - - - - - - 
Biochar and wood 
sawdust 
(25%/75%:50%/5
0%:75%/25%) 
21/22/26.
5 
- - -- - - - - - - 
Activated Biochar 
and Kernel 
25.0/28.0
/31.5 
- - -- - - - - - - 
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5.2 Outlook for further research 
Most of the research findings from78 articles that were reviewed did not give information on the season, 
time of storage and the geographical location of the biomass samples. Approximately 5 % of the article 
reviewed described the geographical location from where the biomass was sourced. This may pose a 
difficulty on the reproducibility of data and may hinder future research that may want to compare the effect 
of location on the biomass properties. Developing a robust software for prediction means that all the 
variables which could affect the heating value and elemental composition have been properly investigated 
experimentally. Therefore, it may be necessary to properly describe the season, time of storage and 
geographical location from where the biomass is harvested. 
Estimation of greenhouse gas (GHG) emission potential of biomass sources should be included in the 
assessment of the energy potential of biomass sources, most researchers did not account for this valuable 
parameter in the same context of biomass properties. Although this may not be significant at the 
experimental level, the cumulative impact of this may be so large in the case of industrial energy 
generation. 
It is impossible to sustain the intensive and continued generation of biomass per unit land area envisaged 
in the biomass-based energy production programmes on the basis of the native nitrogen stocks in the soil 
as they are inadequate to provide sufficient nutrients to sustain non-nitrogen-fixing crops. It is expected 
oil(25%/75%:50%
/50%:75%/25%) 
Activated biochar 
and cattle manure 
(25%/75%:50%/5
0%:75%/25%) 
17.0/24.0
/28.0 
- - -- - - - - - - 
Activated biochar 
and eucalyptus 
sawdust 
(25%/75%:50%/5
0%:75%/25%) 
21.0/26.0
/30.0 
- - -- - - - - - - 
Activated biochar 
and sugar cane 
(25%/75%:50%/5
0%:75%/25%) 
21.0/25.0
/30.0 
- - -- - - - - - - 
Activated biochar 
and wood sawdust 
(25%/75%:50%/5
0%:75%/25%) 
23.0/26.0
/32.0 
- - -- - - - - - - 
Activated biochar 
and alfa 
(25%/75%:50%/5
0%:75%/25%) 
23.0/26.0
/31.0 
- - -- - - - - - - 
[79-82] Contaminated 
biomass 
 
Shredded currency - 4.7 79.0 11.1 5.2 45.4 6.3 1.9 0.32 46.1 
Mixed waste 
paper 
- 8.8 76.8 6.8 7.6 52.3 7.2 0.2 0.08 40.2 
Demolition wood - 16.3 63.4 14.5 5.8 51.7 6.4 1.1 0.09 40.7 
Greenhouse-
plastic waste 
- 2.5 61.0 5.5 31.0 70.9 11.2 1.5 0.01 16.4 
Refuse derived 
fuel. 
- 4.2 70.3 0.5 25.0 53.8 7.8 1.1 0.47 36.8 
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that more researchers should be conducted on the effect of mixing and contamination on the thermal 
properties and elemental composition of biomass.  
Combination of biomass from diverse sources would be required to generate sufficient fuel which can be 
applied on an industrial scale. There are two implications of this; 
1)  The researchers may need to understand the extent to which the presence of contamination and 
biomass mixing would possibly affect the thermal properties, proximate value, and elemental composition. 
The understanding of this scope may eventually eliminate the need for sorting of some biomass while 
alleviating the fear of contamination. This will lead to the reduction in the sorting cost of biomass for 
energy generation. 
2) Greenhouse gas emission as a result of this large-scale biomass mixing must be investigated. Under 
the normal condition biomass is not expected to contribute substantially to GHG, but in a scenario where 
the rate of harvesting of biomass resources does not correspond to the rate of cultivating, then there would 
be carbon deficit which will eventually culminate in greenhouse gas. Therefore, possible magnitude of this 
eventual deficit must be understood. This would provide information to the users and ensure sustainable 
use of biomass resources. 
6. Conclusion 
A drive towards sustainable and renewable energy generation triggered researchers to look into the 
potential of biomass as an alternative to fossil fuel. Lignocellulosic biomass has been identified due to its 
abundance across the globe. However, the environmental issues surrounding the exploration should be 
thoroughly investigated, knowing fully well that these may be magnified when the biomass is applied on 
a large scale. Also, the effect of biomass blending and contamination as related to the production of energy 
from Lignocellulosic biomass should be investigated for thorough understanding. In the long run, biomass 
would provide an efficient, cost-effective and sustainable alternative energy, which would assist the global 
community in reducing greenhouse gas emission. However, a complete understanding of different 
dynamics in biomass thermal and elemental composition must be well understood. 
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The detailed understanding of thermal behavior of biomass is very important in bioenergy 
application. Thermogravimetric analysis (TGA) has proven to be a rapid and efficient method for 
the characterisation of biomass. Basis interpretation of TGA curves based on the shapes were 
presented while the factors which affect the thermal behavior of biomass were discussed from TGA 
perspectives. Among other, the thermal stability, oxidative stability, composition, and 
thermodynamic behavior can be deciphered from the TGA analysis. Various applications of TGA 
were discussed while the heating condition under which TGA can be performed was discussed. The 
heating conditions could be Isothermal, Quasi-static, or dynamic. Matter arising, such as the 
uncertainty analysis in TGA were discussed. Finally, it was suggested that the effect of particle 
sizes and biomass mixing should be further investigated while an approach for the determination 
of uncertainties should be investigated.  
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Abstract. The performance of mathematical models, which can be used to predict the properties 
of biomass, depends on accurate characterization of feedstock and their thermal decomposition. 
So, the phenomenon of evaporation, decomposition and combustion that gives the specific 
energy embedded in the biomass are essential properties, which need to be thoroughly 
investigated. However, the experimental procedure for ultimate analysis and heating value 
requires equipment that is highly sophisticated, expensive, and demand a lot of time. Even at 
that, detailed information about the thermal decomposition of a biomass source may not be 
obtained through these procedures. Given this, a rapid and cost-effective method is inevitable 
for industrial scale biomass utilization. Thermogravimetry has proven over the years to be a 
technique, which can be used to characterize the properties of biomass rapidly and efficiently. 
This review article outlines the application, advantages and challenges with Thermogravimetry 
as related to biomass characterisation. The literature survey was carried out on state-of-the-art 
on biomass characterization using a thermo-gravimetric analytical method. In overall, the 
research gap in the current status of biomass characterization by the application of 
Thermogravimetry was highlighted. The effect of heating rate, gas flow rate, experimental 
atmosphere, nature of sample and particle size, are identified for future research. 
1. Introduction 
Biomass is the single naturally occurring energy source, which contains carbon resources in a large 
quantity such that it can be applied as a fossil fuel substitute [3, 4]. The characterization of biomass is 
an important aspect of biomass to energy process. To this extent, thermal analytical methods have found 
a wide and prominent application in recent years. The promising energy production via thermochemical 
conversion technologies, which comprise pyrolysis, gasification and combustion, depends on the 
thermal analysis in an actual qualification of the process [5, 6]. While the elemental composition and 
heating value are fundamental properties for biomass utilization, the thermal decomposition is required 
to accurately determine the characteristics and economic significance of various biomass samples and 
mixtures. The ultimate analysis requires unique instrumentation, while proximate analysis data can be 
sourced easily by using general equipment such as a furnace. It is expedient to understand the 
characteristics of biomass before it can be successfully explored for an industrial scale energy generation. 
Biomass from diverse sources has different properties [7]. Therefore, it may be costly to assume that all 
the biomass will behave the same way during utilization. 
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The properties of biomass include both physical and chemical phenomena which are: fusion, 
vaporization, sublimation, thermal decomposition, combustion, desorption, chemisorption, absorption, 
adsorption, transition temperature and oxidative stability [8-10]. Efficient and effective operation of bio-
plant depends on the synchronization of the process parameters to the characteristics of feedstock’s. The 
cost and time implication of biomass characterization based on ultimate analysis may not be practical 
for a rapid determination of the properties of biomass feedstock streaming into a processing plant [11]. 
Since these properties affect the conversion pathway, processing costs, yield and quality of products, an 
ability to rapidly estimate them for biomass feedstock streaming into a processing plant will be useful 
in the success and efficiency of bioconversion technologies [11]. The detailed understanding of solid 
volatilization dynamics would assist in the better planning of vital industrial processes since pyrolysis 
is not only an independent conversion technology but also part of the gasification and combustion 
processes [12]. Thermogravimetry (TG) is significant given the requirements mentioned above. 
Generally, the primary elements in biomass are: Carbon C, Oxygen O, Hydrogen H with lignin, 
Hemicellulose and cellulose as its main structural component [13]. TG is a branch of thermal analysis, 
which deals with the measurement of the mass change of samples. These measurements can be done as 
a function of changing temperature or isothermally as a function of time in an atmosphere of Nitrogen, 
Oxygen, Argon, Helium, Air, other gases, or vacuum [14]. By international standard, Thermogravimetry 
is defined as a method whereby the weight of substance under a controlled heating or cooling condition 
is recorded as a function of time or temperature [15]. The enormous need to develop a technique, which 
could accurately control the temperature and also provide a temperature versus time programme within 
a specific requirement, was the genesis of Thermogravimetry [16]. Thermo-gravimetric analysis (TGA) 
is a frequently used technique in the analysis of kinetic data [17].  
Also, in a thermochemical process such as pyrolysis, an exhaustive knowledge of a biomass 
feedstock is important to the process design, feasibility, evaluation and scaling for industrial processes 
[13, 18]. The kinetic methods for the analysis of biomass and their relative advantages and disadvantages 
were discussed by Cai et al. [17]. They also establish from their search of the web of science that there 
is a growing trend in the research on the thermo-gravimetric analysis of biomass [17]. Their research 
highlighted the significance of Thermogravimetry in the study of biomass to energy conversion 
processes. 
As the technology advances, several TGA models have emerged with different capability and several 
others can be used in conjunction with some measuring equipment such as Spectrometer, Infrared [9, 
19, 20] and so on. TGA can be used as an effective tool to carry out the proximate analysis of solid fuels 
[21]. The main components of a TG analyser are: sample pan or crucible and furnace, balance, 
temperature measurement and control unit, environmental control unit, recording system [22, 23]. A 
precision balance supports the crucible. The crucible is placed in a furnace under a controlled heating 
condition and temperature. This implies that the physical and chemical properties of biomass, in this 
case, are continuously recorded. Thermal analysis involves several techniques, which are differentiated 
by the properties, which can be measured, though several of these properties can be measured at the 
same time. Figure 1 shows techniques and the properties, which can be measured. The performance of 
the TGA can be further enhanced to detect and identify the gas evolved from the sample in a time-space 
by Evolved gas analysis (EGA) based on mass spectroscopy and Infrared method [20, 24]. EGA is a 
method whereby the characteristics or the amount of gas given off from a material is detected as a 
function of controlled temperature. Indeed, characterisation of biomass using thermo-gravimetric 
analysis (TGA) and other thermal analytical technique has opened another page in the anal of biomass 
characterization. Table 1 shows different thermal analytical methods with the properties, which can be 
measured with the methods. Some of these methods can be combined to obtain more robust results. 
 
Table 1: Thermal analysis technique and their measured properties[3] 
S/N Thermal analytical methods Measured properties 
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1 Thermogravimetry analysis 
(TGA) 
It records the weight change at a controlled temperature. 
 
2 Differential scanning 
calorimetry (DSC) 
Measure the heat difference between the sample and the reference. 
 
3 Pressurized TGA (PTGA It records the mass changes as a function of a pressure. 
 
4 Thermo-mechanical analysis 
(TMA) 
Deformations and dimension 
5 Dilatometry (DIL) Volume 
6 Differential thermal analysis 
(DTA) 
Temperature difference: It accounts for the temperature difference between the 
sample and the inert reference at a controlled temperature.  
 
7 Evolved gas analysis (EGA) Gaseous decomposition products 
8 Combined methods Can measure a combination of properties 
 
The standard testing procedure was described in ASTM as follows[4]: 
• ASTM Test Methods Using TG Analysis 
• ASTM D2584 – Standard Test Method for Ignition Loss of Cured Reinforced Resins 
• ASTM E1131 – Standard Test Method for Compositional Analysis by Thermogravimetry 
• ASTM E1641 – Standard Test Method for Decomposition Kinetics by Thermogravimetry Using 
the Ozawa/Flynn/Wall Method 
• ASTM E2008 – Standard Test Method for Volatility Rate by Thermogravimetry 
 
1.1 Basic interpretation of TGA curves 
Based on the shapes of the curve, TG can be classified into seven as shown in Table 2 [14, 27]. These 
classifications have been christened with different names depending on the research area and nature of 
the sample to which TG is applied [28, 29]. For instance, in the TG analysis of corn stover, which was 
conducted by Ajay et al. [2], three stages of thermal decomposition were identified. These are 
Dehydration stage, Active pyrolysis stage, and Passive pyrolysis stage. 
 
Table 2: classification of TG based on the shapes of curves 
Classification Feature Shape Description 
 
1 No change  The mass of a 
substance remains 
constant over the 
entire temperature 
range. This means 
the equipment 
temperature range is 
less than the 
cracking 
temperature of the 
substance. 
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2 Desorption/rerun 
 
Enormous weight 
loss followed by a 
mass plateau. In 
plateau, the mass is 
essentially constant. 
In the absence of 
reactive atmosphere 
in the chamber, the 
class 2 curve will 
change to class 1. 
3 Single stage 
cracking 
 
This curve typifies a 
single stage 
cracking with an 
initial temperature 
where a cumulative 
mass change 
reaches a detectable 
size for 
thermobalance and 
final temperature 
where the 
cumulative mass 
change reaches a 
maximum value. 
4 Multistage 
cracking 
 
Various reactions 
are resolved at this 
stage. The reaction 
interval is the 
temperature range 
between initial and 
final value. 
5 Unresolved 
multistage 
cracking. 
 
It is similar to a 
multistage cracking 
stage, but it may be 
due to rapid heating 
or absence of 
intermediate 
reaction. 
6 Atmospheric 
reaction 
 
Presence of reactive 
environment leads 
to increase in 
weight. 
7 Multiple 
reactions 
 
The atmospheric 
reaction followed by 
high-temperature 
decomposition of 
reaction product. 
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2. Factors affecting the thermo-gravimetric analysis of Biomass 
Several factors may affect the information, which could be obtained from TG; Experimental 
investigation of most of these factors have been previously reported in several studies [17, 30, 31]. These 
factors to a greater or less extent may influence the shape, reproducibility or correctness of thermo-
gravimetric curve for a particular compound or mixture [30]. Changing the experimental conditions may 
significantly affect the product obtained in TGA [32]. These factors need to be kept in mind to 
accomplish a reproducible TGA result [10, 33, 34]. They are at this moment briefly discussed: 
2.1. Heating rate 
The heating rate can be defined as the rate at which the temperature increases in degrees per minute 
based on the Celsius or Kelvin temperature scale. If the temperature or time curve of a sample is linear, 
then the heating or cooling rate is said to be constant [35]. The heating rate is an instrumental factor, 
and it has a severe effect on the pyrolysis process. Newkirk [36] has proved that when a sample is heated 
at a slower rate, the extent of decomposition is more significant than when it is heated at a higher rate 
at any given temperature. The rate at which the sample is heated is very vital when considering a case 
of slow or complex reactions. Fast heating rates shift the reactions to higher temperatures [37]. The 
importance of heating rate has triggered several researchers to investigate its effect on the dynamics of 
various biomasses [8, 33, 38-40]. For instance, the products of pyrolysis are gases, liquid and solid. But, 
when the temperature and the heating conditions are changed, the nature of the products, which can be 
obtained, is changed. At the low heating temperature and heating rate, maximum solid formation is 
achieved, but high temperature and heating rate yields maximum gas formation. Increasing the heating 
rate and gas flow promoted the thermal decomposition in a corncob and also increase loss in weight 
[33], but a proportionate amount of solid, gas and liquid are obtained at intermediate temperature and 
heating rates [41]. 
2.2. Type of Sample and sizes 
It has been established that some materials show changes in composition and crystal structure after fine 
grinding [37]. A particle with a low ratio of surface area to weight will react more slowly when compared 
with a biomass sample of equal mass but of finer particle size. Particle size distribution and packing 
density are not very easy to reproduce. Therefore, particular attention must be paid to their investigation. 
[10]. Particle size can be a vital parameter, which may influence the process rate. Generally, it has been 
suggested that an increase in particle size causes temperature gradients inside the particle such that at a 
given time the core temperature is lower than that at the surface [42]. Some researchers have also proven 
that the particle size does not have significant influence within certain particle diameter [32, 42, 43]. 
Effect of particle size was investigated by Erika et al. [44]. They observed that grinding of some energy 
crops resulted in higher peak maxima [44] and they equally advised that only particles of equal sizes 
should be compared in relation to thermal characteristics. There are three ways in which the thermo-
gravimetric curve can be influenced with regards to sample size. The weight of the sample will cause 
the temperature to deviate from its linear rise, the degree of diffusion through the pores around the solid 
particles will be somewhat governed by the bulk of the material in the crucible and the likelihood of 
uneven temperature distribution in the sample [12, 32, 33, 45].  
A TGA method was applied to various materials prepared from commercially available Refuse 
Derived Fuel, RDF using a variety of procedures. Applicability of TGA method to the determination of 
the renewable content of RDF was considered. Cryogenic ball milling was found to be an effective 
means of preparing RDF samples for TGA [45] Also, it was advised that a small weight and uniform 
biomass sample should be considered to mitigate the effects such as non-uniform temperature 
distribution, product decomposition and so on [37]. Other properties such as thermal conductivity, 
thermal capacity, packing density of particles, sample expansion and shrinking, sample mass, crystal 
structure [46] affect the characteristics of biomass samples. 
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2.3. Experimental Atmosphere 
The nature and the pressure at the environment of a sample have a notable effect on the decomposition 
temperature of a biomass [30, 37, 45]. The atmosphere may or may not take part in a reaction. In the 
case where the atmosphere does not take part in the reaction, the inert gas such as nitrogen is used to 
remove the gaseous products from the vicinity of a sample [10, 47]. This will ensure that the 
experimental atmosphere is kept constant as possible throughout the process and to prevent a reaction 
between the biomass sample and air [10]. In some other cases, the atmosphere may be considered in the 
process [10, 12, 37, 44]. The comparative study of the effect of the atmosphere on the thermal properties 
of biomass has been carried out by some researchers, which include [12, 34, 44, 48, 49]. The steepness 
of a TG slope was shown to be affected by the experimental environment [33]. 
2.4. Gas flow rate 
At the pyrolysis reaction zone, the resident time of gaseous products is intimately related to the carrier 
gas flow rate [50]. Therefore, the residence time of a product decreases with an increase in gas flow. 
Gaseous products released from the pyrolytic process could be streamed away from the pyrolytic region 
at a high gas flow rate, thereby accelerating the thermal cracking of biomass [33]. Also, in a gas phase 
of pyrolysis, a certain threshold of the gas flow rate may be enough to mitigate the potential differences, 
which could be the consequence of external heat and mass transfer [43]. 
All the factors which have been discussed above were investigated by Yao et al. [33] for a corncob. 
While they reported that the gas flow rate does not have any significant effect on the thermal 
decomposition, they asserted the prominent role of heating rate on the thermal decomposition and also 
underline the significance of particle size which is only within a certain threshold of particle diameter 
[33]. However, the effect of blending and contamination was not investigated, since it was not within 
the scope of their article. 
3. Merits of Thermogravimetric analysis of biomass 
TGA has proven to be very important in a lot of analytical processes, which also include biomass 
characterization. The merits of TGA are outlined below [5-8]. 
• It requires less time and expenses. 
• A relatively small dataset is required. 
• The weight loss is progressively recorded as a function of time or temperature. This ensures the 
uniformity of the procedure over the entire study. 
• The various kinds of kinetic parameters are clearly indicated since a single sample is analysed 
over the entire temperature range. 
• It can be used in the analysis of all sort of solids including biomass with minimum procedure in 
sample preparation. 
• It requires minimum sample size. 
• It can be easily implemented. 
• It gives good repeatability. 
4. Thermogravimetric analysis of biomass. 
4.1. Thermal stability  
It can be defined as the ability of a substance to maintain unchanged properties when subjected to heating 
[14, 53]. Thermal stability means there is no apparent weight loss at the temperature under investigation, 
and this gives an indication of the amount of the volatile content in the biomass sample. A thermally 
stable biomass sample has less volatile matter. Also, maximum temperature limit is an indication of the 
point at which a biomass material begins to decompose [29, 54, 55]. The information about thermal 
stability is significant for engineers as they can determine the temperature or temperature ranges at 
which substances like alloy, building materials, polymers, biomass fibres, etc. can be used [14, 29]. 
Materials that are related can be compared at elevated temperatures under the required atmosphere. 
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Matheus et al. [56] compared the thermal stability and activation energy of sawdust of different wood 
species. Thermal stability of biomass samples can be affected by the experimental environment [49]. 
Chiang et al. [49] observed that the oxygen environment speeded up the thermal degradation of rice 
husk from 600 K, till the end of the decomposition process. Just like polymers, the rate of decomposition 
of biomass determines the thermal stability of a sample. 
4.2. Oxidative stability analysis 
Oxidative stability is a critical issue that affects the commercial utilization of bioenergy. In the 
automobile sector, the oxidative stability is a hugely significant characteristic which provides an 
estimate of the storage life of biodiesel [57]. Several authors have investigated the oxidative stability of 
biomass [57-60]. Some of the factors which affect the oxidative stability are; Structures, external 
conditions, storage material or impurities. Kumar [57] highlighted the effects of oxidized biodiesel as 
follows; Inability to provide lubrication [58], lower CO emission and higher NOx emission, and change 
in quality. When a fuel product is degraded by oxidation, the quality of the fuel products that are yielded 
may be impaired and may retard engine efficiency [61]. While oxidative stability could be a 
disadvantage in some biomass application, it has been found to be of help in some others [57, 58]. 
Therefore, the effect of oxidative stability can be investigated by TGA. Weight losses due to oxidation 
are the most noticeable losses in TGA [62]. Combustion during TG analysis is identifiable by distinct 
effects noticeable on the TGA thermo-grams generated. As an example, Okoroigwe et al. [60] 
investigated the oxidation characteristics of some selected biomass of African origin which are palm 
kernel shell, African bush mango wood, and shell, African border tree wood to underline the combustion 
characteristics and decomposition kinetics of biomass under oxidative conditions. It was reported that 
all the samples followed two stages structural decomposition with the most significant weight loss 
occurring at an oxidation stage in all the samples. 
4.3. Compositional analysis 
The traditional compositional analysis tool such as ultimate analysis is time-consuming and cost 
ineffective as such they may not meet the immediate demand for industries which are time and profit 
driven. Therefore, TG could provide a quick rapid [11] measuring technique. In the process of thermal 
decomposition, and with a careful selection of temperature programming and experimental environment, 
contaminated biomass or mixtures may be analysed by decomposing or removing their components [63]. 
5. Applications of Thermogravimetry Analysis 
• TGA can be used in the characterization of materials through the evaluation of degradation 
pattern and formulation of reaction kinetics[9]. The knowledge of the controlling chemistry or 
predictive studies would give room to different kinds of techniques which can be used to 
evaluate the kinetics of weight loss or gain. 
• In TGA method for proximate analysis, the moisture content, volatile matter, Ash content and 
fixed carbon content are determined[10]. These parameters can be obtained from the weight 
loss over time. 
• By careful choices of temperature and experimental environment, the composition of complex 
mixture can be analysed through decomposition TGA can quantitatively resolve complex 
mixtures because of the characteristic thermal decomposition temperature of each component 
[11][18][12, 13]. 
• The structural components of a biomass such as a hemicellulose and alpha cellulose can be 
characterised by TG[14]. 
• Investigation of pyrolysis, combustion and Devolatization processes which are involved in the 
conversion of biomass and blends to energy.[15, 16].TGA can be coupled to a spectrometer for 
improving the understanding of the thermal decomposition mechanisms and to estimate the 
amounts of biogas - such as methane and hydrogen - produced during the pyrolytic process [17, 
18][16,17].  
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• TGA can be used as a quick assessment tool for waste management [19] while also serving as 
a crucial tool for providing information on the thermal and kinetic behaviour of biomass for the 
energy recovery and the utilization of sewage sludge, thereby reducing the possible 
environmental impact[20]. 
• TGA may be used to determining water content or the residual solvents in a material. 
• It allows analysis of reactions with air, oxygen, or other reactive gases. It can be used to measure 
evaporation rates as a function of temperature, such as to measure the volatile emissions of 
liquid mixtures. To identify plastics and organic materials by measuring the temperature of bond 
scissions in inert atmospheres or of oxidation in air or oxygen. 
6. Heating conditions in TGA [3] 
In TGA analysis, the biomass weight loss is in different stages depending on the heating conditions of 
biomass samples. These stages are also affected by the intrinsic properties of the biomass sample [1, 33]. 
Figure 1 is an example of TGA curve indicating the effect of gas flow rate and heating rate on the mass 
fraction. The heating conditions in TGA can be broadly classified into three [25]. They are briefly 
described below. 
 
6.1. Isothermal or Static TGA 
In this case, a sample is maintained at a constant temperature for a period during which change in weight 
is recorded [25]. The conversion time is the sole variable of interest in several cases. For example, in 
thermochemical conversion of wood [27]. In fact, given the thick particles and slow external heat 
transfer rates, devolatilization conditions are comparable with those of thermal analysis and the 
corresponding product yields remain almost constant. 
6.2. Quasi-static TGA 
Quasi-static process can be briefly described as a process that occurs in a slow manner such that the 
system can be assumed to remain in internal equilibrium. In this technique, the sample is heated to a 
constant weight at each of a series of increasing temperature [14]. 
6.3. Dynamic TGA 
It is also called isobaric TGA. In this type of analysis, the sample is subjected to a condition of a 
continuous increase in temperature at a constant heating rate. Therefore, the rise in temperature shows 
a linear relationship with time [33]. 
7. Basic principles of thermogravimetric analysis 
Thermogravimetry analyser measures the change in weight of a sample depending on time or 
temperature in a given environment which could be inert or oxidative [53] and at a controlled rate. 
Chemical changes occurring in an oxidative atmosphere provide useful information regarding 
Figure 2:Weight loss versus temperature at different gas flow rates[1, 2] 
Figure 1:Weight loss versus temperature at different gas flow rates[1, 2] 
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characterization of the sample. The weight variation of samples is recorded as a function of temperature 
or time. Depending on the heating condition, the heating rate or gas flow is varied while temperature 
changes at a constant rate for a known initial mass of the substance and the variation in mass are recorded 
as a function of temperature within a specified time interval. The graphical representation of the mass 
change versus time is known as thermography [9]. For some types of TGA, gas flow into the furnace 
atmosphere is controlled by a computer-based program. Different setting is available for different types 
of analysis [19, 23]. 
8. Matter arising from thermogravimetric analysis of biomass. 
8.1. Uncertainty analysis of biomass thermal properties. 
Statistical analysis of the sampling error or uncertainty associated with the sampling and properties 
measured in a TG analysis is very crucial in an application where precision is important [71]. Also, 
uncertainty analysis could help in determining the propagation of error in the sampling procedure [71-
73]. Although biomass fuels are heterogeneous materials, with an appropriate sampling procedure, the 
experimental error associated with different properties, can be considerably sized down. Pazo et al. [74] 
show that sample variance cannot accurately quantify error levels. The statistical uncertainty associated 
with this property needs to be determined for errors to be quantified precisely. It can be concluded that 
a well-planned sampling and uncertainty analysis can assist in the extrapolation of the biomass 
properties notwithstanding their non-uniformity [73]. 
8.2. Previous research on the thermogravimetry 
The characteristics of several biomass samples have been investigated for various purposes such as 
combustion, thermochemical conversion [2, 8, 9, 20, 24, 28, 29, 38, 48, 75]. Table 3 shows some 
biomass resources, which have been investigated to establish their thermal characteristics under the 
different experimental conditions that apply to TGA. The variables which were commonly investigated 
in this review are; the experimental atmosphere, the heating rate, the particle size, heating condition, gas 
flow rate and the uncertainties in biomass sampling and thermal properties obtained from TGA.  
 
Table 3: Experimental characterisation of Biomass by TGA 
Auth
or 
Biomass 
sample 
Particl
e 
size[µ
m] 
Experimental 
atmosphere 
Heating 
rate[K/m
in] 
Heating 
conditio
ns 
Gas flow 
rate[cm3/m
in] 
Properties 
investigated 
Temperature(K) 
 
Uncertaint
ies and 
error Ignition Burn out 
[16] Feedlot 
manure 
420-
840 
88-125 
37-44 
Dry Nitrogen 40 and 
160 
Dynami
c 
50 and 150 Devolatizati
on 
- - Not 
discussed 
[21] Swine 
manure 
1000 Nitrogen 20,30,40 Dynami
cs 
and 
Isotherm
al 
 
30 Devolatizati
on 
250 420 Not 
discussed 
Nitrogen 105 
Air  
[22] Hazelnut <250 Air 10,20,30 Dynami
cs 
50 Reaction 
region and 
kinetics 
350,371,395 443,458,498 No 
discussed 
[23] 
 
Primary 
mill 
sludge 
105-
210 
Oxygen 6,12,24,3
0 
Dynami
c 
100 Combustion 479,481,487,490 1009,1034,1067,107
7 
Not 
discussed 
Secondar
y mill 
sludge 
105-
210 
Oxygen 6,12,24,3
0 
Dynami
c 
100 Combustion 465.475,480,485 975,995,1030,1030 Not 
discussed 
[15] Miscanth
us 
200-
400 
Oxygen 40 Dynami
c 
2 Combustion 230 330 Not 
discussed 
Miscanth
us 
200-
400 
Argon 40 Dynami
c 
20 Pyrolysis 250 370 Not 
discussed 
Miscanth
us 
200-
400 
steam 40 Dynami
c 
6g/h Pyrolysis 815 1000 Not 
discussed 
Miscanth
us 
200-
400 
Steam+Oxygen
+Air 
40 Dynami
c 
50 Gasification 800 900 Not 
discussed 
Sewage 
sludge 
100 Steam+Oxygen
+Air 
40 Dynami
c 
50 Gasification 800 940 Not 
discussed 
Sewage 
Sludge 
100 Oxygen 40 Dynami
c 
2 Combustion 200 310 Not 
discussed 
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Sewage 
+Sludge 
100 Steam 40 Dynami
c 
6kg/h Gasification 800 940 Not 
discussed 
Sewage 100 Argon 40 Dynami
c 
20 Pyrolysis 220 375 Not 
discussed 
[8] Cypress 
wood 
chips 
250-
350 
Air 5,10,15,2
0 
Dynami
c 
20 Combustion 200 334 Only R2 
was stated 
Macada
mia nut 
shells 
250-
350 
Air 5,10,15,2
0 
Dynami
c 
20 Combustion 200 328 Only R2 
was stated 
[24] Pine nut 
shells 
30 Nitrogen 0.001-50 Isotherm
al 
45 Combustion - - 0.721 
Hazelnut 
shells 
Isotherm
al 
45 Combustion 
Poplar 
pellets 
   
Brassica 
pellet 
   
[25] Olive 440-
2000 
Nitrogen Not stated Isotherm
al 
200 Pyrolysis - - Not 
discussed Grape 
bagasse 
[26] Palm oils 
shell 
waste 
150-
850 
Nitrogen 0.1-20 Isotherm
al 
40-120 Pyrolysis 230,250,260,280,29
0,295 
280,300,310,330,35
0,350 
Coefficient 
of 
correlation 
was 
determined 
at 
maximum 
value of 
0.9969 
Palm oil 
fibre 
waste 
125-
150 
Empty 
fruit 
bunches 
125-
1000 
[13] Napier 
grass 
200-
2000 
Nitrogen 10 Isotherm
al 
20 Pyrolysis 478 600 R2 =0.988-
0.996 
[27] Eucalypt
us 
grandis 
 Nitrogen 10 Isotherm
al 
50  160 
105 
374 
540 
Not given 
AIr 
[28] Tectona 
grandis 
420-
4000 
Nitrogen 20 Isotherm
al 
100 Combustion 250 400 Not given 
[1] Pine - Nitrogen 20-200 Dynami
cs 
20-50 Pyrolysis - - Not 
discussed 
[29] Bamboo  Nitrogen 20,100,20
0 
Isotherm
al and 
adiabati
c 
20 Pyrolysis 250 400 Not 
discussed 
[30] alder - Nitrogen 5-30 Isotherm
al 
150 Devolatilizat
ion 
515 644 Not 
discussed Beech 521 645 
Birch 517 645 
Oak 510 633 
[31] Rice 
husk 
- Air 10 Isotherm
al 
50 Thermal 
decompositi
on 
230 540 Not 
discussed Nitrogen 230 380 
[32] Rice 
straw 
- Nitrogen, 10% 
Oxygen and Air 
2,5,10 Isotherm
al 
70 Thermal 
decompositi
on 
450 640 Not 
discussed 
[33] Black 
locust 
≤120 Oxygen-argon 
mixture (5:21) 
20 Isotherm
al 
140 Thermal 
decompositi
on 
249 372 Not 
discussed 
[20] Sewage 
sludge 
and 
mixture 
 Nitrogen 10,20,30 Isotherm
al 
100 Thermal 
decompositi
on 
250 360 Not 
discussed 
[34] MSW 
(Plastic, 
cardboar
d, wood, 
plastic, 
multi-
material) 
- Nitrogen 10 isotherm
al 
150 Pyrolysis of 
mixture 
250-370 325-550 Not 
discussed 
[35] Pine 
wood 
595-
841 
Nitrogen 5,10,20,4
0 
 50  210 400 Not 
discussed 
[2] Corn 
Stover 
443 Nitrogen 10,30,50 Isotherm
al 
40 Pyrolysis 110,135,140 420,435,470 Not 
discussed Air 115,135,130 400,410,430 
[36] Corncob 74-450 Helium 5,10,20 Dynami
cs 
10 Influence of 
heating rate 
100 600 R2=0.99 
30 Isotherm
al 
30,60,90 Influence of 
gas flow 
177.2 347.6 R2=0.98-
0.99 
20  30 Influence of 
particle 
diameter 
175.2-182.5 352.6-360.2 R2=0.98-
0.99 
 
8.3. Future Outlook 
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As previously highlighted by these authors, a detailed understanding of the contribution of biomass 
utilization to the emission of Green House Gas (GHG) is very vital. Therefore, TGA can help in this 
regard. Although the contribution of biomass samples to GHG may not be significant at the experimental 
level, the cumulative impact of this may be so substantial in the case of industrial utilization. 
Also, only a few journals reported the uncertainties of their thermal analysis and sampling methods, 
and this may call the reliability of the result to question. Therefore, it is suggested that the uncertainty 
analysis should be included in the thermal analytical results. In all biomass analysis, sample error should 
be made to be part of the standard experimental procedure. 
The evaluation of thermal behaviour as well as kinetic studies of the decomposition of biomass and 
its mixture can give a better insight into the biomass energy utilization while opening a new frontier on 
environmental issues. Further investigation is still needed on the thermo-gravimetric analysis of biomass 
mixture and contaminated biomass since their thermal decomposition, and other characteristics which 
are investigated by TGA may not behave in the same manner as a single component sample. The factors, 
such as; the particle size, heating rate, gas flow rate, the experimental atmosphere should be investigated 
for biomass mixture, this would provide more robust information on the combustion characteristics of 
the samples and also validate few existing results on biomass mixtures. 
9. Conclusion 
The enormous information, which can be obtained from TGA would provide a fast, accurate and 
efficient means to determine the utilization of a biomass sample or mixture. TGA has been used in 
combination with other analytical methods, and this has enhanced the understanding of biomass 
properties. The uncertainty analysis of a biomass sample is very vital in industrial application. Also, 
more detailed knowledge of the characteristics of contaminated biomass and biomass mixture using 
TGA is very crucial. These would eventually lead to a robust modelling tool, which can be used to 
determine the utilization of biomass irrespective of nature. 
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ABSTRACT 
The complexity of real-world applications of biomass 
energy has increased substantially due to so many competing 
factors. There is an ongoing discussion on biomass as a 
renewable energy source and its cumulative impact on the 
environment vis-a-vis water competition, environmental 
pollution and so on. This discussion is coming at a time when 
evolutionary algorithms and its hybrid forms are gaining traction 
in several applications. In the last decade, evolution algorithms 
and its hybrid forms have evolved as a significant optimization 
and prediction technique due to its flexible characteristics and 
robust behaviour. It is very efficient means of solving complex 
global optimization problems. This article presents the state-of-
the-art review of different types of evolutionary algorithms, 
which have been applied in the prediction of major properties of 
biomass such as elemental compositions and heating values. The 
governing principles, applications, merits, and challenges 
associated with this technique are elaborated. The future 
directions of the research on biomass properties prediction are 
discussed. 
Keywords: Biomass properties; environmental pollution; 
evolutionary algorithm; renewable energy. 
1. INTRODUCTION
Real-time prediction forms one of the essential components 
for strategic planning in a biomass system. The quest for 
effective and efficient algorithms such predictive analysis has 
necessitated the use of many intelligent algorithms, like Artificial 
Neural Network (ANN), Support Vector Machine (SVM), k-
Nearest Neighbour (kNN), Adaptive Neuro-fuzzy Inference 
System (ANFIS), and Evolutionary Algorithms (EAs). 
Evolutionary algorithms (EAs) have emerged among the notable 
research focus in optimization and search method in the recent 
years. Its real-world applications involve the interaction of 
several competing and complex factors, which need to be aligned 
for problem-solving. EA applications in the field of data mining, 
* Contact author: tunjifemi@gmail.com
robotics, decision making, biokinetics, machine learning and so 
on are often complicated thus require a classical method, which 
can provide an optimal solution [1]. More so, the evolutionary 
technique is very suitable for applications where exact solutions 
may be computationally non-polynomial hard (NP-Hard) and 
resource inefficient [2]. This article presents a review of different 
types of EAs, which have been applied in the prediction of major 
properties of biomass such as elemental composition and heating 
values. The governing principles, applications, merit, and 
challenges associated with this technique are elaborated. The 
future directions of the research on biomass properties’ 
prediction are discussed. 
2. MAJOR PROPERTIES AND CHARACTERIZATION
OF BIOMASS
The processing pathway for biomass as a renewable 
resource depends on the class of biomass and its properties. The 
design and operation of processing plants, storage facilities, 
transportation, and conversion technologies, are vital and require 
a detailed description of the biomass properties. Also, in the 
conversion process, whether simple conversion to heat or 
complex conversion to gaseous or liquid fuel, cost-effective and 
top-notch biomass feedstock is highly important. Several 
researchers have discussed the properties of biomass [3-6]. 
Broadly speaking, these properties can be classified into; 
chemical, physical, and structural properties. The physical 
properties include; grindability, flowability, density, porosity, 
particle size and shape, moisture sorption, thermal behaviour and 
so on. Structural properties explain the effects of hemicellulose, 
cellulose and lignin on the behaviour of biomass while chemical 
properties include the heating value, proximate and elemental 
composition of biomass [3, 5]. The details can be obtained from 
[3-6]. Among other methods which have been applied in the 
characterization of biomass feedstock, the proximate analysis, 
ultimate analysis and thermal analysis of biomass are very 
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 common and they are detailed in refs [4, 6-8]. They are briefly 
reviewed in this article; 
2.1 Proximate and ultimate analysis 
The information about the volatile matter, fixed carbon 
content, ash content, moisture content, and total solid matter can 
be extracted from proximate analysis. Moisture content is often 
used in biomass property description to reflect the amount of 
water content in a biomass sample. It determines the conversion 
factor between different biomass basis, that is, dry basis, wet 
basis, as received basis, or dry ash free basis [5]. Volatile matter 
determines the stability and conversion efficiency of biomass-
derived fuel. The implication of high volatile matter in biomass 
feedstock is an increased amount of biofuel production through 
pyrolysis [9]. The inorganic residue, which is left after complete 
ignition or oxidation of organic matter in biomass is called Ash 
content.  Ash content remains a focus in biomass properties 
investigation. A good understanding of its behaviour informs the 
selection of power plant equipment such as boiler, pyrolyzer, and 
gasifier [6, 10]. Also, the contribution of Fixed Carbon (FC) 
largely depends on the conversion pathway. For instance, higher 
FC may be of advantage in sequestration, but lower carbon 
content is better for gasification process. Moreso, FC determines 
the rate of gasification, size of gasifier and gas yield. 
While the proximate analysis is easier, ultimate analysis can 
provide more detailed information about a biomass sample. This 
is because elemental compositions of the sample can be 
quantitatively analysed. The heating value of biomass can be 
determined from the elemental composition using several 
correlations, which have been proposed by the authors [11-13]. 
Typically, ultimate analysis determine the elemental constituents 
such as C, H, N, S, Cl and O, and inorganic constituents, which 
include Si, Al, Ti, Fe, Ca, Mg, Na, K, S and P [7, 14, 15]. The 
quantity of different elements present in biomass sample can 
reflect the environmental impact of biomass consumption. The 
need for an intelligent predictive model stems from the 
expensive equipment and procedure required in ultimate 
analysis. 
2.2 Thermal properties 
Thermal properties determine the thermochemical 
behaviour and conversion characteristics of biomass feedstock. 
Thermogravimetry analysis (TGA) has emerged as a useful 
method in describing the thermal conversion stages of biomass. 
TGA has demonstrated its competency in many analytical 
processes, which also comprise biomass characterization. The 
benefits of TGA include the following [16-19]; less time and 
expenses, much details from little data, less sample preparation 
requirement, small sample size, and good repeatability. 
3. OVERVIEW OF EVOLUTION ALGORITHMS AND 
BIOMASS CHARACTERISATION 
Historically, the development of EAs was promoted by 
natural observation of biological evolution. EAs are set of 
modern meta-heuristic-based search techniques having their 
origin from the concept of the natural evolution theory [1, 20]. 
They are efficient and effective techniques for solving 
combinatorial and continuous optimization and machine 
learning problems, where exact solutions may not be realistic or 
cost-effective. The EAs can be subdivided into; Evolutionary 
strategies, Genetic Algorithms, Genetic programming, and 
Evolutionary programming [2] and by extension, memetic EA 
and Distributed EA. Genetic algorithm is based on the rules of 
genetics and natural selection. GA provides an optimal solution 
to complex problems which may otherwise have high 
computational time. However, the solutions provided may, be in 
the local or global optimal domain depending on several factors. 
The steps involved in solving an EA problem has been discussed 
[1, 2]. Multi-criteria EA (MCEAs) and memetic algorithms (ME) 
are also very common within some scope of applications which 
have been discussed by Marti [21]. In order to define a particular 
EA, the representation, fitness function, population, parent 
selection mechanism, variation operator, and replacement must 
be specified [22]. Generally, all classes of EAs pass through five 
processes which are; initialization, fitness evaluation, fitness 
assignment, selection and generation of a new population. These 
processes have been discussed in refs [2, 23-26]. As previously 
noted, quick determination of the biomass characteristics which 
is entering a plant is needed in order to reduce the processing 
cost and to ensure that the real-time quality of the feedstock is 
guaranteed [27]. 
 The common practice in the prediction of biomass 
properties involves the hybridized algorithms and EA as the 
optimization function. EAs are often used for parameter 
optimization in other black box predictive models like ANFIS, 
ANN, SVM etc. Also, optimization of conversion technologies 
has been somewhat achieved through the application of EAs [28-
30]. EAs are beneficial in the accurate determination of the 
properties and economic worth of various biomass samples and 
mixtures. The model developed for various biomass applications 
may be predictive or descriptive. For instance, the classification 
of biomass, and image segmentation can be categorized as 
descriptive models, while the estimation of heating value, 
prediction of optimum process parameter and optimization of 
biomass supply chain follows the predictive models. 
3.1 Merits and Demerits of EA in biomass prediction 
The acceptability of EAs is of course due to the high 
effectiveness its application has attracted in so many processes 
reported in the literature. Table 1 presents the merits and demerits 
of EAs. While some of these setbacks have been handled through 
intelligent hybrid algorithms, further research may eventually 
evolve to address the others. 
Table 1: Merits and demerits of EAs 
Merits Demerits 
It is conceptually easy 
and flexible to develop 
Adverse configuration 
may lead to premature 
convergence to a local optimal 
solution. 
2 Copyright © 2019 ASME
 It makes use of 
previous information about 
the biomass sample  
It could be 
computationally expensive 
except when hybridized. 
It is very robust with 
capacity to adjust a 
solution to environmental 
change 
It may be difficult to get 
the correct operator and 
representation 
Minimum human 
intervention is required. 
It may require trial and 
error parameters thereby 
reducing the objectivity of the 
model. 
It can be used in a 
noisy data environment. 
 
It supports multi-
objective functions. 
 
It is stochastic and can 
be easily parallelized 
 
 
3.2 Applications of EAs in biomass conversion studies 
• Prediction of the High heating value (HHV) 
• Estimation of elemental composition 
• Prediction of the optimum process parameters 
• Classification of biomass feedstock 
• Image segmentation of biomass feedstock 
• Optimization of biomass supply chain and logistics 
systems 
• Optimization of biomass conversion technologies 
• Estimation of biomass resources 
• Optimal integration of biomass resources 
 
3.3 Classification of Evolution Algorithms 
This section gives a brief overview of the major EAs classes 
that have been previously applied in biomass studies. As shown 
in Figure 1, the EAs can be sub-divided into Evolutionary 
strategies(ES), Genetic algorithms(GA), genetic programming 
(GP), evolutionary programming(EP) and by extension; memetic 
algorithms(MA) and distributed EAs [2]. The particle swarm 
optimisation is classified under memetic algorithms. In this 
review, the GP, GA, and Particle swarm optimisation, PSO (a 
subsect of memetic algorithms) are discussed. 
 
 
Evolution 
Strategies
Evolutionary 
algorithms(EAs)
Genetic 
algorithms
 
Genetic 
Programming
Evolutionary 
programming
 
Memetic 
Algorithms
Distributed
EAs
 
Figure 1: Classes of Evolutionary algorithms 
3.3.1 Genetic algorithms (GA) 
GA is an evolutionary heuristic optimization algorithm 
based on the theory of natural selection. It works based on fixed 
length linear representation with binary encoding of all 
parameters [31-35]. The process which leads to the generation of 
new solution in GA has a semblance of natural selection process 
of living organisms. Usually, the recurrent application of three 
evolutionist operators occur in three phases which are; selection, 
crossover, and mutation which all assist in the attainment of new 
solutions. Mutation can be defined as a mechanism through 
which a population is diversified in order to avoid stagnation [36, 
37]. In GA, a population of candidate solutions is advanced to 
improve the results. The genotype of each candidate solution can 
be altered through a process of mutation. The fittest entities are 
randomly nominated from the existing population, and the 
genome of the entities is modified to offer a new and optimized 
generation. Then the optimized generation of the candidate 
solutions is used in the following iteration of the algorithm [38, 
39].  Apart from population density and the optimal number of 
iterations, selection technique, Crossover technique, and 
mutation technique must be considered in a GA decision making 
process. Various selection methods may adopt different 
probability of assignment in order to ensure population diversity 
and obtain an optimal solution. The two most popular selection 
criteria are; tournament and roulette wheel. Crossover method 
should be selected carefully such that a simple method which 
may lead to unusable chromosome for the complex optimization 
problem is avoided. The concept of mutation has been 
comprehensively discussed by Gen et al. [36], Holland  [40], Pal 
et al. [37]. The selection of mutation technique and probability 
will ensure that the diversity of the population is maintained. 
3.3.2 Genetic programming 
Genetic Programming is a novel technique which evolved 
from the model of biological evolution and involves a 
progressive improvement of the initial random program 
population which is made possible by stochastic program 
variation and selection according to specified criteria [41]. It was 
originally developed in the year 1992 by a scientist named Koza 
[2]. GP has been applied as; an automatic programming tool, 
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 machine learning tool, autonomous problem-solving engine 
[42]. GP can produce as much competitive result as human-
produced result [43]. It possesses proven accuracy and efficiency 
in nonlinear and complex optimisation problems such as the 
estimation of elemental composition and heating value of 
biomass [44-46].GP is applicable in regression and data 
classification. Genetic programming is different from Genetic 
algorithms because it generates the solution in form of computer 
program represented by attributes i.e. the user does not need to 
pre-define the structure of the solution and it applies different 
cross over mechanism [47]. General programming has been 
applied in the prediction of the elemental composition and High 
heating value of biomass [44-46]. GP arbitrarily creates a 
population of likely solutions using random mutation, cross over, 
a fitness function and multiple evolution generation [48]. The 
variant of GP includes Tree-based, stack-based, Linear, extended 
compact, Cartesian, strongly typed genetic programming and 
grammatic evolution. 
3.3.3 Particle swarm optimisation (PSO) 
PSO is a type of swarm intelligence inspired by biological 
behaviour of swarm birds. It was originally developed by 
Kennedy and Ebert [49]. In PSO, the population of a solution is 
defined as swarm of particles. Position and velocity are the major 
properties of each particle which depict the solution. The 
velocity is updated based on the previous velocity, individual 
particle, and social learning term. With a random placement of 
particles within the solution space, each particle possesses a 
random velocity value. Every particle in the solution space 
briefly stores its current optimal position so far within the search 
space.  PSO has a significant advantage over GA for a large 
dataset since sorting of fitness values of solution generated in 
any process is not required [23]. The objective of the PSO is to 
attain the termination criteria that can proceed to stop the 
iterative search process such that premature convergence or 
overfitting is avoided [50, 51]. The termination criteria 
commonly used in PSO include maximum number of iterations, 
achievement of an optimal solution for objective function based 
on the set conditions, stalling in objective function result when 
no further improvement is observed over a specific number of 
iterations. After the evaluation of the fitness of all particles, the 
velocity of the particles is estimated based on their best position 
and the position of the best particle in the swarm. This iterative 
process progresses until any of the stopping criteria is attained. 
Particles are driven by own best position called local optimal as 
well as the entire particle position known as global optimal. The 
position and velocity of the particle are updated using a 
population topology functions as defined in refs [49, 52]. 
1. Hybrid model based on PSO and GA 
Due to the inherent limitation of EAs the present research 
efforts are focusing on hybridizing two or more algorithms in 
order to improve the performance of one with the other. Among 
the recent development is the optimization of ANFIS with EAs 
such as Genetic algorithms and PSO. Developed around early 
1990s [28], ANFIS combines the dual benefits of neural 
networks and fuzzy logic in a single framework. Its inference 
system has a learning capacity to approximate nonlinear function 
and is therefore considered as a universal estimator [28, 35, 53]. 
ANFIS model is based on the Takagi-Sugeno fuzzy inference 
system [54, 55]. Sugeno fuzzy model was proposed by Takagi-
Sugeno, and Kang to develop a systematic approach to 
generating fuzzy rules from a given input and output dataset. The 
data elements are divided into different categories through data 
clustering process. Typically, ANFIS network has five layers in 
the following sequence; fuzzy layer, made of fuzzy membership 
of the input variables, product layer the multiplication of the first 
layer output with a simple coefficient, normalization layer 
carried out the normalization of the second layer output, de-fuzzy 
layer is a first order polynomial, summation layer made of single 
fixed node which perform the summation of all input parameters 
as the overall output of the network [53]. Figure 2 and 3 show 
the flow diagram of the GA and PSO optimized ANFIS. The 
difference between the two optimization algorithms has been 
highlighted in section 3.3.1. and 3.3.3  and discussed in ref [23]. 
It should be noted that the major disparity between the two 
algorithms is pertaining to the new population formation method. 
Initialize GA 
Generate 
Initial population 
Yes
Evaluate individual 
fitness
 
 
 
Rank individual fitness
 
 
Generate new population
Selection
Crossover
Mutation 
Is any stopping criteria 
met?
ANFIS-GA
End
No
Use global optimal  value 
for  ANFIS parameters
 
Figure 2: Flow diagram for GA-ANFIS  
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4. PREVIOUS APPLICATIONS IN BIOMASS 
PROPERTIES PREDICTION 
Different biomass exploration criteria have been modeled 
using hybrid evolution algorithms. As shown in Table 2 the 
properties ranging from biogas yield, heating value, elemental 
composition, feed profile, flow rate and so on were predicted 
based on various input parameters. Most of the authors in this 
review concluded that the hybrid EAs gave a better performance 
compared to ordinary EAs. The models show improved 
performance when optimized with other algorithms [30, 56, 57].  
Table 2: Hybrid EAs application in biomass prediction 
Author EA type Property(s) 
predicted 
Input 
parameters 
[44] Genetic 
Programming 
Elemental 
composition 
VM, Ash, FC 
[46] Genetic 
Programming 
HHV VM, Ash, FC 
[33] Genetic 
algorithm 
Biomethane 
yield 
Substrate, 
inoculum 
concentration 
and co-
substrate 
proportion  
[30] PSO HHV VM, Ash, FC 
[57] Genetic 
algorithms 
HHV C, H, O, N, S 
[58] PSO Methane, 
CO2, Biogas 
yield 
Sludge loading 
rate, 
temperature, 
pH, total solids, 
total volatile 
solids, volatile 
fatty acid, 
alkalinity, 
sludge retention 
time, organic 
loading rate 
[59] Genetic 
algorithm 
Biogas yield Concentration 
of cow dung, 
rice bran, waste 
paper, sawdust, 
banana stem 
[60] PSO and GA Feed profile Cell 
concentration, 
total substrate 
feed, substrate 
concentration 
[61] PSO Flue gas 
temperature, 
Oxygen, 
Steam mass 
flow rate. 
Air, Recycled 
gas, Velocity, 
Attemperator 
[62] PSO Biochar mass, 
Biochar yield 
Heat rate, 
Pyrolysis 
temperature, 
Moisture 
content, 
retention time, 
sample mass 
 
5. SCOPE FOR FUTURE RESEARCH 
Beyond the listed literature, the broad overview has shown 
that further work can still be done using hybrid EAs in the 
exploration of biomass. These should include the prediction of 
chemical properties, thermal properties, and some relevant 
physical properties such as pore sizes, crystallinity index and so 
on. The success which has been achieved with PSO and GA in 
several predictions may be of advantage in biomass chemical 
composition prediction. Also, in order to clearly highlight the 
contribution of each optimization algorithms to the improved 
performance of hybrid EAs, the benchmarked problems should 
be applied to evaluate the same problem. 
Initialize PSO 
Initialize  
PSO Parameters  
PSO -
ANFIS 
End 
Any 
Termination 
criterion 
met? 
Yes 
Generate first swarm  
Record local optimal 
fitness of all particles 
Find global best particle 
Compute fitness of  
all particles  
Use global optimal value 
for ANFIS parameters 
Update positions  
of all particles  
Update velocity  
of all particles  
No 
Figure 3: Flow diagram for PSO-ANFIS 
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 6.   CONCLUSION 
This article reviews the EAs as related to the prediction and 
modeling of biomass properties and conversion procedure. The 
acceptance of EAs is due to the simplicity, flexibility, and 
robustness. The hybrid models complement each other for better 
parameter optimization, better error minimization, and better 
closeness to optimal solutions. The application of EA as hybrid 
algorithm in the biomass domain will in few years enable 
intelligent prediction of proximate and ultimate properties of 
newly discovered biomass without empirical experiments. 
Though EAs has been applied in the space of biomass to energy 
processes, however, there are still more to be done within the 
biomass space in its use for integrated predictive models, which 
incorporates biomass ultimate properties and its climate change 
potentials. 
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1. Introduction 
As it stands, one cannot imagine a life without energy consumption in one form or another. The manufacturing 
industry is the most energy intensive sector as most of the related activities are heavily dependent on the energy 
availability [2, 3]. Therefore, exploring renewable energy option will directly impact on the performance of 
manufacturing industries since most of the industrial waste can be converted to energy [4]. Most countries across the 
globe have to combat the concerns around climate change, which is a major consequence of fossil fuel consumption 
amidst the diminishing oil supplies. The report from BP energy [5] shows that global oil consumption is 86.6 million 
barrels per day as at 2008, and it stands at 96.6 million (BPD) in 2016. This increasing trend can be observed in global 
oil consumption as shown by Fig. 1. 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
This report is consistent with the projection of World Energy Council [6] which forecasted that global consumption 
of oil would increase to 97.6 million (BPD) in 2020 and 112.2 million (BPD) by 2035 [6]. It is pertinent to note that 
the disparity in energy demand and shortage in supply would eventually lead to worldwide energy crises [7]. In 2016, 
about 10% of total U.S. energy consumption was from renewable energy sources, that is about 10.2 quadrillion British 
thermal units (Btu). In the same vein, around 55 % of U.S. renewable energy use is by the electric power sector for 
producing electricity, and around 15% of US electricity generation was from renewable energy sources [6]. 
There are five renewable energy resources, which have been identified and explored to a different extent [6]. These 
are Biomass in the form of Municipal solid waste, wood and wood waste, Landfill gas and biogas, Ethanol and 
Biodiesel; Hydropower; Geothermal; Wind; and Solar energy. Biomass stands as the most abundant and predictable 
source of renewable energy. In a year, the production of biomass is around eight times the summation of other types 
of renewable energy sources [8] and it is the only renewable resource, which can be converted directly to liquid fuel 
[9]. Biomass exploration has the potential to employ thousands of people along the entire value chain. The energy 
derived from biomass in different forms (liquid, solid, gaseous) can be used in all sectors of the society for production 
of electricity, transportation, heating and cooling, and industrial processes. Of the total 18 % renewable energy that 
was consumed in 2016, bioenergy contributed 14%; this underlines the increasing significance of biomass [3]. In 2012, 
about 2.6 billion people depended on traditional biomass to meet their energy needs [10]. 
 
Nomenclature 
BPD Barrel per day  
Btu  British thermal Units 
The experimental procedure for ultimate analysis and heating value requires equipment that is highly sophisticated, 
expensive and requires a stable electricity supply except that proximate analysis can be easily carried out and needs 
only a furnace. Also, production of bioenergy from biomass involves several interrelated process variables, in view 
of this a robust model, which can sufficiently and accurately capture the input parameter for output need to be 
developed. The advancement of knowledge in artificial intelligence and blockchain technology is unlocking new 
Figure 1: Global oil Consumption [1] 
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1. Introduction 
As it stands, one cannot imagine a life without energy consumption in one form or another. The manufacturing 
industry is the most energy intensive sector as most of the related activities are heavily dependent on the energy 
availability [2, 3]. Therefore, exploring renewable energy option will directly impact on the performance of 
manufacturing industries since most of the industrial waste can be converted to energy [4]. Most countries across the 
globe have to combat the concerns around climate change, which is a major consequence of fossil fuel consumption 
amidst the diminishing oil supplies. The report from BP energy [5] shows that global oil consumption is 86.6 million 
barrels per day as at 2008, and it stands at 96.6 million (BPD) in 2016. This increasing trend can be observed in global 
oil consumption as shown by Fig. 1. 
 
 
 
 
 
 
 
 
 
 
  
 
 
 
This report is consistent with the projection of World Energy Council [6] which forecasted that global consumption 
of oil would increase to 97.6 million (BPD) in 2020 and 112.2 million (BPD) by 2035 [6]. It is pertinent to note that 
the disparity in energy demand and shortage in supply would eventually lead to worldwide energy crises [7]. In 2016, 
about 10% of total U.S. energy consumption was from renewable energy sources, that is about 10.2 quadrillion British 
thermal units (Btu). In the same vein, around 55 % of U.S. renewable energy use is by the electric power sector for 
producing electricity, and around 15% of US electricity generation was from renewable energy sources [6]. 
There are five renewable energy resources, which have been identified and explored to a different extent [6]. These 
are Biomass in the form of Municipal solid waste, wood and wood waste, Landfill gas and biogas, Ethanol and 
Biodiesel; Hydropower; Geothermal; Wind; and Solar energy. Biomass stands as the most abundant and predictable 
source of renewable energy. In a year, the production of biomass is around eight times the summation of other types 
of renewable energy sources [8] and it is the only renewable resource, which can be converted directly to liquid fuel 
[9]. Biomass exploration has the potential to employ thousands of people along the entire value chain. The energy 
derived from biomass in different forms (liquid, solid, gaseous) can be used in all sectors of the society for production 
of electricity, transportation, heating and cooling, and industrial processes. Of the total 18 % renewable energy that 
was consumed in 2016, bioenergy contributed 14%; this underlines the increasing significance of biomass [3]. In 2012, 
about 2.6 billion people depended on traditional biomass to meet their energy needs [10]. 
 
Nomenclature 
BPD Barrel per day  
Btu  British thermal Units 
The experimental procedure for ultimate analysis and heating value requires equipment that is highly sophisticated, 
expensive and requires a stable electricity supply except that proximate analysis can be easily carried out and needs 
only a furnace. Also, production of bioenergy from biomass involves several interrelated process variables, in view 
of this a robust model, which can sufficiently and accurately capture the input parameter for output need to be 
developed. The advancement of knowledge in artificial intelligence and blockchain technology is unlocking new 
Figure 1: Global oil Consumption [1] 
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potential prediction accuracy for renewable energy system and biomass cannot be ignored. The efficient and effective 
prediction of heating value and elemental composition of biomass call for a versatile model which can accurately 
predict the process output from the input parameters.  
In this regard, Artificial Neural Network is proving to be a crucial tool, which can enhance the research 
development in biomass energy prediction. They are used for virtual experimentations and can potentially enhance 
bioprocess research and development. ANN has been employed in various processes such as weather forecasting, food 
science, sensorial test, forensic science, medicine, automobile, electrical and electronic engineering [11]. Also, ANN 
has been applied in several manufacturing processes such as risk assessment, process monitoring, and control, 
production management, equipment life assessment, and so on [2, 3, 12-14]. However, the use of ANN in the 
prediction of thermal properties of biomass and elemental composition is still at its developmental stage. 
Therefore, this review highlights the stages of ANN modelling, and classification of ANN. It also discusses the 
most recent findings and application of ANN in biomass elemental composition and heating value prediction. It 
identified the research gaps in the existing prediction models and the current status of research on ANN as related to 
biomass and chatted the direction for further study. 
2. Biomass energy and ANN 
ANNs are applied in the prediction of various processes [15-19]. ANNs have been applied successfully in various 
fields of mathematics, engineering, medicine, economics, neurology, and many others. Also, in the field of biomass 
energy, AI has been applied as outlined by Kalogirou [20]. Among so many other advantages, they can handle noisy 
[21] and incomplete data that are the characteristic of most renewable energy data. They can correlate the hidden data 
in a large pile, which may significantly influence the model, and also handle a vast array of data been flexible in 
adjusting to change in parameters. Once ANN has learnt the pattern, they can perform complex tasks such as a 
prediction, modeling, identification, optimization, forecasting, and control. Several researchers have addressed the 
problem of overfitting and underfitting which are associated with random selection of hidden nodes [22, 23], but such 
has not been implemented in the most biomass models. Most of the models which are developed for biomass prediction 
are based on trial and error. 
 
 
 
 
 
 
 
 
 
 
ANN can be defined as a complex network, which is made up of interconnected elementary processing units called 
neurons [24]. ANN can be defined by three factors viz; Structure, Learning algorithm, and activation functions. Fig. 
2. shows a schematic of 3-4-4-1 multilayer ANN. Neurons of the hidden layers are organized into a complex stratum 
which is associated with the input and output parameters [25, 26]. An inbound connection has a dual value associated 
with it, an input value and a weight. The output of the unit is a function of the added value. ANNs are trained with 
data sets to learn the pattern. Once trained, new patterns may be presented to them for prediction or classification [25]. 
The configuration of connections between neurons determines the network architecture and is related to the problem 
to be solved whether it is a non-linear regression, classification or optimization. 
From the summary of the studies on prediction models for the heating value of various biomass-based materials 
using proximate analysis components [27], most of the modelling studies up till the year 2000 are majorly based on 
Figure 2: Schematic diagram of Multilayer ANN 
4 Olatunji et al./ Procedia Manufacturing  00 (2018) 000–000 
linear regression method. However, the relationship between some proximate analysis components of biomass and 
their High Heating Value, HHV is nonlinear. Therefore, the prediction of linear regression-based models may be 
insufficient, especially when they are tested by different samples [28]. In the articles which reviewed both linear and 
nonlinear regression approaches to HHV analyses, the nonlinear-based models gave better prediction results [29-31]. 
Also, Ghugare et al. [28] proposed a novel artificial intelligence formalism for developing biomass HHV prediction 
models. 
3. Paradigms of machine learning  
Data scientist employ different kinds of learning algorithms to discover the pattern in a big data to gain insight 
[32]. The primary learning paradigms include (1) supervised learning, (2) unsupervised learning and (3) reinforcement 
learning. Supervised learning finds the pattern from the input and output that are already provided, but for 
unsupervised learning, the neural network would find the pattern on its own. Meanwhile, for reinforced learning, the 
machine is not provided with any input or output except for the methods, which the machine can use to quantify its 
pattern. Reinforcement learning allows the ANN agents to determine the ideal behaviour within a specific environment 
automatically. Thus, the ANN learns its behavior based on the feedback from the environment. 
3.1. Types of noises 
The vectors in the training data may be corrupted due to internal or external factors These error sources in data 
mining can be categorized into two: (a) attribute noise, and (b) class noise [33]. Attribute noise is due to the errors 
introduced to the values. These include; erroneous attribute values, missing attribute values, incomplete attributes. 
Also, the sources of the class noise are; different examples, misclassifications. According to Zhu and Wu [33], 
elimination of instances in a dataset, which contains class noise, has the likelihood of enhancing classification 
accuracy. Although attribute noise is less harmful when compared with class noise, it could still bring severe problems 
to learning algorithms. Cleaning attribute noise from a training vector will likely enhance the classification accuracy 
in details irrespective of the noise condition of the data. The noises, which are often found in biomass data, can be 
reduced (if not eliminated) by proper selection of training algorithm. 
3.2. Activation functions and their peculiarities 
The activation function is applied in the conversion of the activation level of a neuron into an output signal. The 
activation function is one of the essential parameters in a Neural Network. The following have been previously applied 
in the modelling of biomass heating value; Linear, sigmoid, sigmoid symmetry, Gaussian symmetry [17, 19, 34-38]. 
This list is by no means exhaustive as there are many others, which have not been used. 
3.3. Classification of ANN 
There are various types of ANN with some distinguishing characteristics. Table 1 shows the classification and the 
examples of their application in biomass thermal property prediction. 
Table 1: The classification of Artificial Neural Networks 
Network Classification Characteristics Example 
Support vector  
Machine 
It is a classifier. 
It can support both regression  
and classification and can handle  
multiple continuous variables. 
[15, 18]  
Kohonen Multilayered, non-recurrent, unsupervised  
Hopfield Non-multilayered, recurrent, supervised  
Radial Basis  
function(RBF) 
Applicable to the problems of  
supervised learning 
[39] 
Adaptive Neuro  Universal approximation when there is  [27][22] 
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potential prediction accuracy for renewable energy system and biomass cannot be ignored. The efficient and effective 
prediction of heating value and elemental composition of biomass call for a versatile model which can accurately 
predict the process output from the input parameters.  
In this regard, Artificial Neural Network is proving to be a crucial tool, which can enhance the research 
development in biomass energy prediction. They are used for virtual experimentations and can potentially enhance 
bioprocess research and development. ANN has been employed in various processes such as weather forecasting, food 
science, sensorial test, forensic science, medicine, automobile, electrical and electronic engineering [11]. Also, ANN 
has been applied in several manufacturing processes such as risk assessment, process monitoring, and control, 
production management, equipment life assessment, and so on [2, 3, 12-14]. However, the use of ANN in the 
prediction of thermal properties of biomass and elemental composition is still at its developmental stage. 
Therefore, this review highlights the stages of ANN modelling, and classification of ANN. It also discusses the 
most recent findings and application of ANN in biomass elemental composition and heating value prediction. It 
identified the research gaps in the existing prediction models and the current status of research on ANN as related to 
biomass and chatted the direction for further study. 
2. Biomass energy and ANN 
ANNs are applied in the prediction of various processes [15-19]. ANNs have been applied successfully in various 
fields of mathematics, engineering, medicine, economics, neurology, and many others. Also, in the field of biomass 
energy, AI has been applied as outlined by Kalogirou [20]. Among so many other advantages, they can handle noisy 
[21] and incomplete data that are the characteristic of most renewable energy data. They can correlate the hidden data 
in a large pile, which may significantly influence the model, and also handle a vast array of data been flexible in 
adjusting to change in parameters. Once ANN has learnt the pattern, they can perform complex tasks such as a 
prediction, modeling, identification, optimization, forecasting, and control. Several researchers have addressed the 
problem of overfitting and underfitting which are associated with random selection of hidden nodes [22, 23], but such 
has not been implemented in the most biomass models. Most of the models which are developed for biomass prediction 
are based on trial and error. 
 
 
 
 
 
 
 
 
 
 
ANN can be defined as a complex network, which is made up of interconnected elementary processing units called 
neurons [24]. ANN can be defined by three factors viz; Structure, Learning algorithm, and activation functions. Fig. 
2. shows a schematic of 3-4-4-1 multilayer ANN. Neurons of the hidden layers are organized into a complex stratum 
which is associated with the input and output parameters [25, 26]. An inbound connection has a dual value associated 
with it, an input value and a weight. The output of the unit is a function of the added value. ANNs are trained with 
data sets to learn the pattern. Once trained, new patterns may be presented to them for prediction or classification [25]. 
The configuration of connections between neurons determines the network architecture and is related to the problem 
to be solved whether it is a non-linear regression, classification or optimization. 
From the summary of the studies on prediction models for the heating value of various biomass-based materials 
using proximate analysis components [27], most of the modelling studies up till the year 2000 are majorly based on 
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linear regression method. However, the relationship between some proximate analysis components of biomass and 
their High Heating Value, HHV is nonlinear. Therefore, the prediction of linear regression-based models may be 
insufficient, especially when they are tested by different samples [28]. In the articles which reviewed both linear and 
nonlinear regression approaches to HHV analyses, the nonlinear-based models gave better prediction results [29-31]. 
Also, Ghugare et al. [28] proposed a novel artificial intelligence formalism for developing biomass HHV prediction 
models. 
3. Paradigms of machine learning  
Data scientist employ different kinds of learning algorithms to discover the pattern in a big data to gain insight 
[32]. The primary learning paradigms include (1) supervised learning, (2) unsupervised learning and (3) reinforcement 
learning. Supervised learning finds the pattern from the input and output that are already provided, but for 
unsupervised learning, the neural network would find the pattern on its own. Meanwhile, for reinforced learning, the 
machine is not provided with any input or output except for the methods, which the machine can use to quantify its 
pattern. Reinforcement learning allows the ANN agents to determine the ideal behaviour within a specific environment 
automatically. Thus, the ANN learns its behavior based on the feedback from the environment. 
3.1. Types of noises 
The vectors in the training data may be corrupted due to internal or external factors These error sources in data 
mining can be categorized into two: (a) attribute noise, and (b) class noise [33]. Attribute noise is due to the errors 
introduced to the values. These include; erroneous attribute values, missing attribute values, incomplete attributes. 
Also, the sources of the class noise are; different examples, misclassifications. According to Zhu and Wu [33], 
elimination of instances in a dataset, which contains class noise, has the likelihood of enhancing classification 
accuracy. Although attribute noise is less harmful when compared with class noise, it could still bring severe problems 
to learning algorithms. Cleaning attribute noise from a training vector will likely enhance the classification accuracy 
in details irrespective of the noise condition of the data. The noises, which are often found in biomass data, can be 
reduced (if not eliminated) by proper selection of training algorithm. 
3.2. Activation functions and their peculiarities 
The activation function is applied in the conversion of the activation level of a neuron into an output signal. The 
activation function is one of the essential parameters in a Neural Network. The following have been previously applied 
in the modelling of biomass heating value; Linear, sigmoid, sigmoid symmetry, Gaussian symmetry [17, 19, 34-38]. 
This list is by no means exhaustive as there are many others, which have not been used. 
3.3. Classification of ANN 
There are various types of ANN with some distinguishing characteristics. Table 1 shows the classification and the 
examples of their application in biomass thermal property prediction. 
Table 1: The classification of Artificial Neural Networks 
Network Classification Characteristics Example 
Support vector  
Machine 
It is a classifier. 
It can support both regression  
and classification and can handle  
multiple continuous variables. 
[15, 18]  
Kohonen Multilayered, non-recurrent, unsupervised  
Hopfield Non-multilayered, recurrent, supervised  
Radial Basis  
function(RBF) 
Applicable to the problems of  
supervised learning 
[39] 
Adaptive Neuro  Universal approximation when there is  [27][22] 
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Fuzzy  
Inference systems (ANFIS) 
no rule restriction. It combines  
ANN and fuzzy logic.Higher capability  
to adapt to the learning environment. 
Generalized Regression 
Networks 
 Variation of RBF used for  
function approximation 
[40] 
Boltzmann machine Multilayered,  
recurrent, supervised or unsupervised 
It makes a stochastic decision about whether to be on or off 
Not used 
Feedforward  
back propagation 
Supervised, multilayer, non recurrent [16, 31, 34, 40, 41] 
4. Stages in ANN modeling 
At different stages of ANN modelling, researchers are often confronted with several questions such as; Data 
collection and variable selection, noises, incomplete dataset, small dataset, how to divide the dataset for learning, 
testing, and validation, selection of activation and data transformation functions, weight initialization, choice of 
training algorithm, learning criteria and the number of hidden layers. 
1) Preliminary development of models 
2) Actual Model Development 
3) Post modelling and Data Analysis. 
Table 2: Reported heating value prediction based on ANN 
Author Input variables Output 
variables 
Type of ANN ANN 
Architecture 
R2 Activation 
functions 
Comments 
[42]  Fatty acid 
feedstock 
HV Levenberg- 
Marquardt 
backpropagation 
5-2-4 0.997 
 
Linear and 
sigmoid 
symmetry 
Trial and error 
[43] %C, %H, %O, 
%N, %S on the 
dry basis 
HHV Levenberg- 
Marquardt 
backpropagation 
5-4-1 0.9231 Linear and 
sigmoid 
symmetry 
No clear 
description of how 
the number of the 
hidden layers was 
determined. 
[36] FC, VM, MC, A HHV Levenberg– 
Marquardt 
3-7-1 0.9852 Sigmoid 
symmetric 
No clear definition 
of how the hidden 
layer arrived 
[44]  FC, VM, MC, A HHV Levenberg– 
Marquardt 
1-23-1-1 
1-21-1-1 
1-25-1-1 
0.9591 Hyperbolic ta
ngent sigmoid 
and linear 
Trial and error 
method was used 
for the 
determination of 
hidden layer. 
[17][17] Heating rate, 
blending ratio and 
temperature, 
TG mass 
loss 
Levenberg– 
Marquardt-Back 
propagation 
3-5-15-1-1 0.9995 Not stated The hidden layers, 
neurons 
in the hidden 
layers, and 
activation functions 
were 
selected by trial and 
error 
6 Olatunji et al./ Procedia Manufacturing  00 (2018) 000–000 
 
4.1 The outlook for further research 
From the literature review as shown in Table 1 and 2, the division of dataset for learning and testing of ANN models 
developed for the prediction of thermal properties was based on trial and error, or at most random selection without 
any underlining principle. It must be noted that the division of the dataset has a significant influence on the accuracy 
and performance of the ANN model. Therefore, further research should explore the existing dataset division methods 
for their suitability and impact on the performance of the prediction model for heating value and elemental 
composition.  
[38] FC, VM, Ash Gross 
Heating 
Value 
Leven- 
Marquardt 
backpropagation 
3-3-19-1 0.9959 Not stated The number of 
hidden layers, 
number of neurons 
in the hidden 
layers, training 
epochs, and 
activation functions 
were selected by 
trial and error 
[39]  C, H2O, O, H, N, 
S, Ash  
HHV Radial basis 
function 
combined with 
Levenberg 
Marquardt 
 0.997 Radial basis 
function 
Ability to 
generalize, Noise 
tolerance  
[27]  FC, VM, Ash GHV Leven- 
Marquardt 
backpropagation 
3-12-1 0.9478 Sigmoid Neurons in the 
hidden layer were 
determined by trial 
and error method 
[19] FC, VM, Ash HHV Hybrid 2-2-1 GP=0.878 
SC=0.884 
FCM=0.85
7 
Grid 
partitioning 
(GP) 
Subtractive 
clustering 
(SC) 
Fuzzy c-mean 
(FCM) 
clustering 
R2 lower when 
compared with 
other methods that 
are discussed 
[44]  FC, Ash, MC HHV Linear 3-3-1 
3-20-1 
0.963 and 
0.962 
Sigmoid and 
Sigmoid 
symmetry 
Trial and error 
method was used to 
select the hidden 
layer, thought 
author underline 
some other methods 
which can be 
applied 
[44]  FC, Ash, MC HHV Hybrid  0.9639 NA  
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to adapt to the learning environment. 
Generalized Regression 
Networks 
 Variation of RBF used for  
function approximation 
[40] 
Boltzmann machine Multilayered,  
recurrent, supervised or unsupervised 
It makes a stochastic decision about whether to be on or off 
Not used 
Feedforward  
back propagation 
Supervised, multilayer, non recurrent [16, 31, 34, 40, 41] 
4. Stages in ANN modeling 
At different stages of ANN modelling, researchers are often confronted with several questions such as; Data 
collection and variable selection, noises, incomplete dataset, small dataset, how to divide the dataset for learning, 
testing, and validation, selection of activation and data transformation functions, weight initialization, choice of 
training algorithm, learning criteria and the number of hidden layers. 
1) Preliminary development of models 
2) Actual Model Development 
3) Post modelling and Data Analysis. 
Table 2: Reported heating value prediction based on ANN 
Author Input variables Output 
variables 
Type of ANN ANN 
Architecture 
R2 Activation 
functions 
Comments 
[42]  Fatty acid 
feedstock 
HV Levenberg- 
Marquardt 
backpropagation 
5-2-4 0.997 
 
Linear and 
sigmoid 
symmetry 
Trial and error 
[43] %C, %H, %O, 
%N, %S on the 
dry basis 
HHV Levenberg- 
Marquardt 
backpropagation 
5-4-1 0.9231 Linear and 
sigmoid 
symmetry 
No clear 
description of how 
the number of the 
hidden layers was 
determined. 
[36] FC, VM, MC, A HHV Levenberg– 
Marquardt 
3-7-1 0.9852 Sigmoid 
symmetric 
No clear definition 
of how the hidden 
layer arrived 
[44]  FC, VM, MC, A HHV Levenberg– 
Marquardt 
1-23-1-1 
1-21-1-1 
1-25-1-1 
0.9591 Hyperbolic ta
ngent sigmoid 
and linear 
Trial and error 
method was used 
for the 
determination of 
hidden layer. 
[17][17] Heating rate, 
blending ratio and 
temperature, 
TG mass 
loss 
Levenberg– 
Marquardt-Back 
propagation 
3-5-15-1-1 0.9995 Not stated The hidden layers, 
neurons 
in the hidden 
layers, and 
activation functions 
were 
selected by trial and 
error 
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4.1 The outlook for further research 
From the literature review as shown in Table 1 and 2, the division of dataset for learning and testing of ANN models 
developed for the prediction of thermal properties was based on trial and error, or at most random selection without 
any underlining principle. It must be noted that the division of the dataset has a significant influence on the accuracy 
and performance of the ANN model. Therefore, further research should explore the existing dataset division methods 
for their suitability and impact on the performance of the prediction model for heating value and elemental 
composition.  
[38] FC, VM, Ash Gross 
Heating 
Value 
Leven- 
Marquardt 
backpropagation 
3-3-19-1 0.9959 Not stated The number of 
hidden layers, 
number of neurons 
in the hidden 
layers, training 
epochs, and 
activation functions 
were selected by 
trial and error 
[39]  C, H2O, O, H, N, 
S, Ash  
HHV Radial basis 
function 
combined with 
Levenberg 
Marquardt 
 0.997 Radial basis 
function 
Ability to 
generalize, Noise 
tolerance  
[27]  FC, VM, Ash GHV Leven- 
Marquardt 
backpropagation 
3-12-1 0.9478 Sigmoid Neurons in the 
hidden layer were 
determined by trial 
and error method 
[19] FC, VM, Ash HHV Hybrid 2-2-1 GP=0.878 
SC=0.884 
FCM=0.85
7 
Grid 
partitioning 
(GP) 
Subtractive 
clustering 
(SC) 
Fuzzy c-mean 
(FCM) 
clustering 
R2 lower when 
compared with 
other methods that 
are discussed 
[44]  FC, Ash, MC HHV Linear 3-3-1 
3-20-1 
0.963 and 
0.962 
Sigmoid and 
Sigmoid 
symmetry 
Trial and error 
method was used to 
select the hidden 
layer, thought 
author underline 
some other methods 
which can be 
applied 
[44]  FC, Ash, MC HHV Hybrid  0.9639 NA  
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The training algorithm is an important design variable, which has to be applied during the training phase. 
Levenberg-Marquardt has been mostly applied in the prediction of heating value with a few application of other tested 
algorithms, so other training algorithms should be explored bearing in mind the need to handle noises and outliers that 
are often associated with some types of biomass data. A comparative study of different training algorithm should be 
carried out in order to determine their generalisation capability.  
The selection of the number of nodes and hidden layer is mostly based on the rule of thumb for the prediction of 
biomass properties. In order to select the optimum nodes at the hidden layer, the standard method could be formulated 
or applied. The choice of hidden layers and hidden nodes is paramount because it influences the complexity of the 
model, its predictive capability and training time. On the general note, most of the model reported did not give detailed 
information that could assist in the replication of the model. The research effort should be geared toward a detailed 
understanding of the hidden layer since this plays a prominent role in the performance of the model. 
In overall, there is a need for further research which could eventually lead to the formulation of universal 
correlations which can accurately predict the properties of biomass from different sources. The aspects of model 
development such as data division, network architecture and the model development for small data size would progress 
the thermal property prediction for biomass. 
5. Conclusion 
The ANN has simplified prediction of the thermal property of biomass with many promises in term of higher 
prediction accuracy when compared to the previous methods. This review has explored recent prediction model for 
the prediction of thermal properties of biomass. The models were based on the data from various sources. The data, 
which were used for the development of these models, were mostly based on the ultimate, proximate and 
thermogravimetric analysis. Comprehensive implementation of ANN will eventually lead to the design of robust 
proprietary software that can be used for real time prediction of the thermal property of biomass. 
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The training algorithm is an important design variable, which has to be applied during the training phase. 
Levenberg-Marquardt has been mostly applied in the prediction of heating value with a few application of other tested 
algorithms, so other training algorithms should be explored bearing in mind the need to handle noises and outliers that 
are often associated with some types of biomass data. A comparative study of different training algorithm should be 
carried out in order to determine their generalisation capability.  
The selection of the number of nodes and hidden layer is mostly based on the rule of thumb for the prediction of 
biomass properties. In order to select the optimum nodes at the hidden layer, the standard method could be formulated 
or applied. The choice of hidden layers and hidden nodes is paramount because it influences the complexity of the 
model, its predictive capability and training time. On the general note, most of the model reported did not give detailed 
information that could assist in the replication of the model. The research effort should be geared toward a detailed 
understanding of the hidden layer since this plays a prominent role in the performance of the model. 
In overall, there is a need for further research which could eventually lead to the formulation of universal 
correlations which can accurately predict the properties of biomass from different sources. The aspects of model 
development such as data division, network architecture and the model development for small data size would progress 
the thermal property prediction for biomass. 
5. Conclusion 
The ANN has simplified prediction of the thermal property of biomass with many promises in term of higher 
prediction accuracy when compared to the previous methods. This review has explored recent prediction model for 
the prediction of thermal properties of biomass. The models were based on the data from various sources. The data, 
which were used for the development of these models, were mostly based on the ultimate, proximate and 
thermogravimetric analysis. Comprehensive implementation of ANN will eventually lead to the design of robust 
proprietary software that can be used for real time prediction of the thermal property of biomass. 
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This article compares the performance of two hybrid models in the prediction of heating values of 
biomass. The minimum input parameters were based on the proximate values while the output was 
the heating value. A total of 214 biomass data that were extracted from various publication were 
divided in ratio 70:30 for training and testing respectively. In this case, GA-ANFIS model gave 
better performance than PSO-ANFIS, though at higher computational time. The results were further 
compared with other authors. The results show that the present study gives better coefficient of 
correlation (CC) 0.9189 and 0.9088 and lesser root mean square error (RMSE) 1.2369 and 1.1200 
for PSO-ANFIS and GA-ANFIS respectively. This further underline the benefits of hybridized 
model compared to standalone. 
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ABSTRACT 
This article applied a hybridized, adaptive neuro-fuzzy 
inference system ANFIS-genetic algorithm (GA-ANFIS) and 
ANFIS -Particle swarm optimization (PSO-ANFIS) to predict 
the HHV of biomass. The minimum input parameter for the 
prediction model is based on the proximate values of biomass 
which are fixed carbon (FC), ash content (A) and volatile matter 
(VM). The 214 data which cover a wide range of biomass classes 
were extracted from reliable literature for the training and testing 
of the models. The optimal results obtained based on each 
modelling algorithm were compared. The proposed algorithms 
were evaluated by statistical indices which are the Coefficient of 
Correlation (CC), Root Mean Squared Error (RMSE), Mean 
Absolute Percentage Error (MAPE), Mean Absolute Deviation 
(MAD) estimated at 0.9189, 1.2369,7.4575 and 1.3560 
respectively for PSO-ANFIS and 0.9088, 1.1200, 6.3960, 0.8895 
respectively for GA-ANFIS. The GA showed exceptional ability 
to generalize in term of MAPE though at the expense of lesser 
CC which is obtained in the case of PSO. The reported indices 
showed that PSO-ANFIS and GA-ANFIS could be applied as an 
approach to the prediction of HHV based on proximate analysis 
instead of lengthy experiment procedures.  
Keywords: PSO-ANFIS, GA-ANFIS, HHV, Biomass, 
proximate analysis. 
1. INTRODUCTION
There is an ongoing global discussion on renewable and 
sustainable materials which could provide access to energy and 
fuel for power generation. Incidentally, the achievement of many 
of the proposed Sustainable Development Goals(SDGs) are 
dependent on biomass [1]. Goal 7,9,12 and 13 of the SDGs 
substantially speak to the need for alternative energy [2]. By 
insight into the SDGs, biomass stands as the main avenue 
through which the massive renewable energy can be sustainably 
achieved in order to ensure access to modern energy for all. 
* Contact author: tunjifemi@gmail.com
Using biomass for power generation can bring a lot of benefits 
in term of environmental sustainability, affordability, abundance, 
eco-friendliness [3]. Global warming which is caused by 
greenhouse gas emissions is a serious threat to environmental 
and climate stability, as such it must be reduced to between 80 
and 90% by 2050 [4, 5]. The realization of this fact has 
necessitated the World Bank to conclude the plan to end the 
financing of oil and gas exploration starting from 2019 to 
engender global economic shift towards bioenergy [6]. 
Therefore, it is vital to find a renewable source in order to lower 
the gaseous emissions from fossil fuels and provides the green 
energy feedstock. Of the total 18% renewable energy that was 
consumed in 2016, bioenergy contributed 14%; this underlines 
the increasing significance of biomass [7]. A study conducted in 
US revealed that the yearly production potential of dry 
agricultural and forest biomass is 900 and 400 million tons 
respectively, which is adequate to replace more than 30% of the 
current transport fuel use [8, 9].  So much attention is being 
directed towards the identification of suitable biomass species 
which can be used for sustainable high-quality fuel. Heating 
value is an indispensable parameter in the design and operation 
of fuel technologies which are based on biomass especially from 
the economic point of view [10]. The heating value can be 
determined experimentally, but it is a time-consuming task and 
very expensive when compared to proximate analysis. Proximate 
properties can be used to predict High Heating Value (HHV) of 
biomass with high accuracy and efficiency in a rapid, easy and 
economical manner.  
This article compares two hybrid optimization algorithms 
which are genetic algorithms and particle swarm optimization. 
The two algorithms were used to optimize an adaptive neuro-
fuzzy inference system (ANFIS) in the prediction of HHV of 
biomass whose proximate values were extracted from different 
sources. The minimum input parameter for the prediction model 
is based on the proximate analysis components which are fixed 
carbon (FC), ash content (A) and volatile matter (VM). The 
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 result was compared with some existing linear model and a 
model based on Artificial Intelligence. 
2. METHODOLOGY 
2.1 Data collection 
In total, 214 data points of biomass feedstocks extracted 
from several literatures and compiled from ref [11, 12] were used 
in the development of the model for the prediction of HHV. For 
this model, 70% of the whole dataset was used for the training 
while 30% was used at the testing phase. The proximate value 
which are VM, Ash, FC on dry basis were applied as the input 
parameters while the output variable is the HHV in MJ/kg. The 
dataset was randomized in order to ensure a class spread across 
the training and testing phase. 
2.2 Principle of ANFIS  
Several references can be found in literature pertaining to 
ANFIS, the readers can refer to ref [13-18] [17, 19][16] for 
further study. The HHV was mapped to the FC, VM and Ash 
constituents of biomass. ANFIS is based on the dual advantage 
of fuzzy logic and neural network which is combined in a single 
framework. This enable the model to solve complex and 
nonlinear optimization problems [19, 20]. Base on the principle, 
the first order Takagi- Sugeno fuzzy model can be expressed as 
follow; 
Principle 1: If 𝐻1 is  𝐴1  AND 𝐻2 is 𝐵1   then 𝐺1 = 𝑏1𝐽1 +
 𝑐1𝐽2 + 𝑧1. 
Principle 2: If 𝐻1 is  𝐴2  AND 𝐻2 is 𝐵2   then 𝐺2 = 𝑏2𝐽1 +
 𝑐2𝐽2 + 𝑧2      
where A1, B1, A2, B2, are nonlinear variables and 
membership functions for input (𝐻1 and 𝐻2), b1, c1, z1, b2, c2, z2 
are output function parameters for output (𝐺1 and 𝐺2) . In this 
article, the above principles were adapted with input  𝐻𝑖 (𝑖 =
1 … 3) , output 𝐺𝑖(𝑖 = 1)  and cluster 𝐶𝑗(𝑗 = 1 … 10) with equal 
weights using fuzzy c-means clustering technique. Generally, 
ANFIS network possess five different layers [15] which are 
executed in the following sequence; fuzzification layer, 
multiplication layer, rationalization layer, defuzzification layer, 
summation layer.  It should be noted that the first and fourth layer 
include the adaptive parameters capable of modification and 
update based on learning technique used. The predicted output 
ultimately depends on the five layers in the ANFIS.  This study 
applied the Gaussian membership function on the input variables 
because it has been reported that it shows better prediction 
performance compared to other functions since it is less 
disruptive and more robust [21, 22]. 
2.3 GA and PSO optimization 
In GA, a population of candidate solutions is advanced to 
improve the solutions. Each candidate solution has a set of 
characteristics termed genotype, which can be mutated. The 
fittest entities are randomly nominated from the existing 
population, and the genome of the entities is modified to offer a 
new and optimized generation. Then the optimized generation of 
the candidate solutions are used in the following iteration of the 
algorithms [41, 42].  Various selection methods may adopt 
different probability of assignment in order to ensure population 
diversity and obtain an optimal solution. This study adopts the 
roulette wheel for the selection criteria during parameter 
optimization in the model. The concept of mutation has been 
comprehensively discussed by Gen et al. [39], Holland [23], and 
Pal et al. [40]. The selection of mutation technique and 
probability will ensure that the diversity of the population is 
maintained. 
Also, for PSO, the objective is to optimize the adaptive 
layers in the ANFIS model such that optimal membership 
function parameters are attained. The stopping criterion was 
selected in such a way that premature convergence and 
overfitting is avoided [23, 24], and PSO is terminated once the 
maximum epoch is reached, or there is no further enhancement 
in the objective function over a specific number of iterations. 
FCM clustering method is applied to minimize error in ANFIS 
and subsequently, the ANFIS is trained with PSO algorithm. The 
readers may refer to [18, 25] for more information and further 
reading on PSO and ANFIS. 
The script for PSO and GA was written in MATLAB 
(2015a) which was installed on a desktop computer workstation 
with configuration 64 bits, 32GB RAM Intel (R) Core (TM) i7 
5960X.  A maximum iteration of 900 and the convergence values 
which minimizes the training error objective function were made 
the stopping criteria. 
 2.4 Estimation errors 
Ideally, a model is said to be the best fitted if the error in the 
estimation tends toward zero [12]. Since it is not realistic to have 
a model with such accuracy, the errors were estimated based on 
Mean Absolute Deviation (MAD), Root Mean Square Error 
(RMSE), Mean Absolute Percentage Error (MAPE) and the 
coefficient of correlation (CC). Computation time (CT) was also 
estimated as a measure of the overall prediction time in order to 
evaluate the time cost of forecasting and to further underline the 
economic significance of this model. The equations are as stated 
below;  
Correlation Coefficient (CC) 
𝐶𝐶 = 1 −
∑ (𝑦𝑘 − 𝑦?̂?)
2𝑁
𝑖=1
∑ (𝑦𝑘 − 𝑦𝑘̅̅ ̅)2
𝑁
𝑖=1
 
 
(1) 
 
Root Mean square Error (RMSE): 
𝑅𝑀𝑆𝐸 =  √
∑ [𝑦𝑘 −  𝑦?̂?]2
𝑁
𝑘=1
𝑁
          
(2) 
 
 
Mean Absolute Deviation (MAD): 
𝑀𝐴𝐷 =  
1
𝑁
 ∑|𝑦𝑘 −  ?̅?𝑘|
𝑁
𝑘=1
 
(3) 
 
Mean Absolute Percentage Error (MAPE) 
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 𝑀𝐴𝑃𝐸 = [
1
𝑁
 ∑ |
𝑦𝑘 −  ?̅?𝑘
𝑦𝑘
|
𝑁
𝑘=1
] × 100    
(4) 
where 𝑦𝑘 = each observed value for sample size 𝑘 = 1 … 𝑁 
             𝑦?̂? = each predicted value for sample size 𝑘 = 1 … 𝑁 
 
3. MODEL RESULTS AND DISCUSSION 
The objective of this section is to establish the performance 
of ANFIS optimised by the PSO and GA in the prediction of 
HHV. The prediction capacity of these models is mostly 
discussed at the testing phase while training phase is also 
reported for complete information. The essence is to establish the 
strength of the correlation between the experimental data and the 
predicted output.  
 
Figure 1: GA optimized model at testing stage 
 
Figure 2: GA optimized model at training stage 
  
 
Figure 3: PSO optimized model at testing stage 
 
Figure 4: PSO optimized model at training stage 
The observed HHV was plotted against the ‘Number of data’ 
at testing and training phases respectively for both PSO-ANFIS 
and GA-ANFIS as shown in Figure 1-4. Over-prediction is 
observed at certain data points in Figure 1 and 4 at data number 
28 and 39 respectively. This is due to misfiring at specific nodes 
in the ANFIS model. However, there is strong agreement 
between the predicted and experimental HHV for both 
algorithms. This is amplified by the estimation of model errors 
as shown in Table 1. However, further survey of the errors in 
Table 1 shows that GA -ANFIS gives better performance with 
lesser RMSE (1.1200) and better MAPE (94%), though at the 
expense of lesser computation time (25secs) which is obtained 
in the case of PSO. 
Table 1: Estimation of model errors   
MAD RMSE MAPE CT 
PSO Training 0.5074 0.7489 3.0647 31.12 
 
Testing 1.3560 1.2369 7.4575 25.17 
GA Training 0.5021 0.7992 2.6354 40.24 
 
Testing 0.8895 1.1200 6.3960 30.47 
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 Further to this, the results obtained in the study was 
compared to the previous studies on the prediction HHV as 
shown in table 2. Nhuchhen and Abdulsalam [12] model is based 
on linear correlations while Akkaya [15] and Ghugare et al [26] 
were based on Artificial intelligence. Akkaya tested three 
different clustering methods and achieved different correlated 
values [15]. The sub-clustering technique with the coefficient of 
correlation, CC=0.8836 gave the optimum performance. The 
computation intelligent algorithms used by Ghugare et al[26] 
only better the linear model developed by Nhuchhen and 
Abdulsalam but not Akkaya. In overall, the prediction error for 
the model developed in the present study shows improved 
performance compared to the previous studies listed in the 
literatures. 
Table 2: Comparative analysis of models at the testing phase 
Authors CC RMSE 
Akkaya(Grid partition) 
[15] 
0.8780 1.3288 
Akkaya(Sub cluster) 
[15] 
0.8836 1.3006 
Akkaya(Fuzzy c-
means) [15] 
0.8574 1.4461 
Ghugare et al [26] 0.8451 1.3058 
Nhuchhen [12] 0.1935 4.4977 
This study (PSO) 0.9189 1.2369 
This study (GA) 0.9088 1.1200 
 
4. CONCLUSION 
There is a general agreement that biomass resources are a 
renewable energy source which can address a substantial part of 
global energy requirement while mitigating the adverse effect of 
climate change. In view of this, this article presents the ANFIS 
model which was optimized by GA and PSO to predict the HHV 
of biomass based on the proximate constituents. In order to 
compare the performance, the models were evaluated based on 
some known criteria. The result obtained from these models 
showed a better performance compared to the previous studies 
listed in the literatures. Although GA-ANFIS showed lesser 
computation error and greater coverage, PSO requires less 
computation time. These models provide a convenient and 
accessible decision-making tool which can be used to determine 
the feasibility of a biomass feedstock in energy generation. 
Precisely, the model will be helpful in a case where there is 
inadequate access to expensive equipment which may be needed 
for experimental determination of biomass HHV. 
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This article is a follow up on the classification model developed based on k-NN. The issues of class 
imbalance and skewness related to real life data such as biomass was addressed in this model 
development. RUSBoost algorithms were introduced to address this issue. The focus of this study 
is to optimally predict the classes; therefore, this study only focuses on the RUSBoost algorithm 
while analysing how it fares in predicting the classes. It was therefore assumed that the model 
performs well if most of the data in a particular class are correctly predicted. Performance indices 
relevant to multiclass classification were applied and the result were reported. In order to evaluate 
the accuracy of the prediction of individual classes, sensitivity was plotted against the biomass 
classes. It is observed that the minority classes were more sensitive and well predicted. A further 
study to improve overall class performance was suggested.  
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Abstract 
The importance of biomass in energy generation towards the attainment of a sustainable bio-economy is well 
documented. But, like most real-life data streams, biomass data are characterised by class imbalances and are 
often tagged as skewed. Therefore, there is a need for a model which can accurately predict the biomass data 
classes while correctly identifying the minority data class considering the imbalances within the classes. In this 
study, RUSBoost is introduced to alleviate this challenge. RUSBoost provide a dual benefits of data sampling and 
boosting, therefore proving a simple and efficient method for improving classification performance during training 
and testing. This study proposes a RUSBoost model to classify biomass dataset from various sources. The main 
objective is to optimally predict the classes, therefore this study only focuses on the RUSBoost algorithm while 
analysing how it fares in predicting the classes.  The performance assessment was based on several know indices 
which are  accuracy (65.2%), error rate (34.8%), sensitivity (74.8%), specificity(94.8%)   FPR (5.2%), Kappa 
statistics (72.3%), G-mean (84.21%) and computation time (12.4 secs). It was concluded that learning based on 
RUSBoost is satisfactory for skewed data class though further work can improve the overall accuracy. 
Keywords: Sustainable bio-economy, RUSBoost, Biomass classification,  Assessment indices 
1 Introduction 
From environmental point of view and energy perspective, biomass as a renewable energy is very significant. 
Biomass has potential in making a giant stride towards carbon-neutral chemical and fuel production. It can be 
converted to two energy-related products which are transportation fuels and heat [1]. These fuels can be applied 
in electricity production, transportation, heating and cooling across all the economic sectors of the society, 
considering criteria such as energy efficiency, applicability, environmental impact, and flexibility [2-4]. Apart 
from its carbon neutrality, biomass application present an array of attractive opportunity to deploy agricultural 
and forest residue and municipal waste in a matter that advance rural economies and reduce power dependency 
[5, 6]. 
All over the world, there is a great potential for an increase in application of biomass. Recent studies have shown 
that biomass can provide a competitive option to the fossil fuel whose consumption is causing serious global 
concerns due to the emission of greenhouse gas and diminishing oil resources. Aside the municipal solid waste 
(MSW), which has also been found valuable as a renewable energy source, global biomass generation has been 
estimated at 146 billion Mtonnes [6]. Biomass has a potential to employ thousands of people globally along the 
entire value chain, and it is expected to provide 50% of global overall primary energy consumption by 2050 [6]. 
The enhancement of bioenergy utilization is hinged on modern and efficient technologies, which should be 
deployed on a commercial basis in order to guarantee energy services of high quality. Biomass can be used in its 
natural state as fuel and can be refined to different kinds of biofuels. In contrast to other renewable sources, 
bioenergy is an adaptable source which can be converted into solid, liquid and gaseous fuels. These fuels can be 
applied for electricity production, transportation, heating and cooling across all the economic sectors of the 
society. 
To promote bioenergy to an enviable level needs certain technique which maybe sometimes complex [7] given 
various criteria which need to be take into consideration. For instance in choosing the right technology , 
environmental friendliness, social admissibility, technological robustness need to be evaluated [8]. In order to 
achieve the above, there must be widely accepted standards and terminology, and classification metrics which if 
not address may lead to serious misconception and may affect the technoeconomic suitability. Specifically, the 
foremost issue concerning the biomass exploration is related to how to advance the understanding of the 
constituents and properties of biomass and to gainfully apply such knowledge to achieve the global environmental 
safety objectives [9]. Just as the forecasting of energy consumption is highly important for strategic and 
operational planning [10], variation in energy conversion process has enforced importance on the classification 
of biomass material. The most acceptable traditional biomass classification is based on the properties and the 
origin [11, 12]. Among others, the following properties of biomass have been extensively discussed in the 
literature, these include; thermal properties, elemental composition, structural components, chemical properties, 
specific surface properties and proximate properties [2, 13-16]. However, these properties varies on the basis of 
biomass growth process, age of the plant, transportation and storage condition, pre-treatment and post processing, 
soil type, presence of contaminant and pollutants, harvesting methods and so on [17-19]. Classification of biomass 
data based on intelligent algorithms will be of tremendous advantage in the upscaling of biomass exploration and 
fastrack resource assessment process [20]. A recent study by Roland Berger [21] predicts that Artificial 
intelligence would improve the efficiency of utility companies by five times in a space of five years [21]; not only 
will this be in the utility companies as this reality has beginning to permeate all sectors of the society. Data from 
several sources which include health sector , agricultural sector, banking sector have been classified using different 
machine learning tools [22]. Some of the methods techniques which has been employed in data classification 
include k-nearest neighbour, Support vector machine, Artificial neural network, Bayesian classifier and so on [20, 
23, 24]. However, like most real-life data streams, biomass data are characterised by class imbalances and often 
tagged as skewed which make it difficult for the previous mentioned techniques to produce an accurate 
classification result [25, 26]. Therefore, there is a need for a model which can accurately predict the biomass data 
class while correctly identifying the minority data class considering the imbalances within the classes.  
2 Aim and approach used 
Biomass can be sourced from agricultural residue, energy crop, energy grasses, wood residue, forest residue, and 
municipal waste [15].  As previously asserted, there is a general agreement by the research community that 
biomass feedstock variability is the root cause of many technical challenges hampering the global 
commercialization of Integrated Biorefinery, IBR [27].   Therefore, the properties of the biomass feedstock need 
to be understood and correctly classified for a successful utilization in energy generation and all other value 
addition process. Constructing classification model with an imbalanced data could be very challenging, therefore 
a simple and efficient technique which can improve the classification of minority class is needed. In this study, a 
novel hybrid data boosting algorithm called RUSBoost is introduced to alleviate this challenge. RUSBoost provide 
a dual benefits of data sampling and boosting, therefore proving a simple and efficient method for improving 
classification performance during training and testing [25]. This study proposes a model to classify biomass 
dataset from various sources. The main focus of this study is to optimally predict the classes, therefore this study 
only focuses on the RUSBoost algorithm while analysing how it fares in predicting the classes. A total of 241 
biomass data which were harvested from several reliable literatures were sorted into eight classes. The proposed 
RUSBoost techniques use the 30% of the dataset for testing while the remaining 70% was used for training. The 
accuracy, error rate, sensitivity, specificity FPR, Kappa statistics, G-mean and computation time were reported. 
 
3 Scientific innovation and relevance 
There is a need for a model which can accurately predict the biomass data class while correctly identifying the 
minority data class considering the imbalances within the classes. In real life application the identification of 
minority class is as significant if not more significant than the majority class and maybe of more serious 
consequences if not accurately determined. For instance, in health sector it may lead to misdiagnosis or wrong 
prescription while in biomass study , it may lead to wrong decision that may culminate into financial loss. 
Therefore,  this study on RUSBoost is introduced to alleviate this challenge. RUSBoost provide a dual benefits of 
data sampling and boosting, therefore proving a simple and efficient method for improving classification 
performance during training and testing. This study proposes a model to classify biomass dataset from various 
sources. The main focus of this study is to optimally predict the classes, therefore this study only focuses on the 
RUSBoost algorithm while analysing how it fares in predicting the classes. We therefore assumed that the model 
performs well if most of the data in a particular class are correctly predicted. There is not any known study which 
have sought to classify minority biomass classes , and not any know study which have applied RUSBoost to 
biomass dataset. 
 
4 Results or preliminary results  
The performance of this model was based on some relevant statistical measures. Table 1 shows the 
performance indices at the training and the testing phase of the model development. The overall 
accuracy of the model when new data was presented to it at the testing phase is 65%, though with overall 
FPR of 5.22% there is lesser chance that the model will generally misclassify. Again, the Kappa value 
of 72% shows that there is substantial agreement between the observation [28]. Also, the rate of 
convergence of the model was determined based on the computation time and it was estimated at 12.8 
seconds. 
5  
6 Table 1:Performance Indices for training and testing  
Training 
(%) 
Testing 
(%) 
Acc 70.31 65.24 
Error 29.69 34.76 
Sensitivity 57.99 74.82 
Specificity 95.29 94.78 
FPR 4.71 5.22 
G-mean 74.33 84.21 
Kappa 58.97 72.29 
CT (sec)  13.6 12.8 
Data size 150 64 
7  
 
 
In order to evaluate the sensitivity of the model, new dataset which have not been previously used at 
the training phase were utilized and presented in Figure 1. The essence is to gain further understanding 
regarding how correctly each class is predicted. The biomass samples in the class V, VI, VII, VIII which 
were in the minority have a higher number of positive correctly predicted biomass samples compared 
to the actual number of biomass samples in that class. The amount of actual data which were correctly 
predicted for the class I, II, III, IV were lower relative to the experimental dataset in those classes. It is 
observed that the minority classes were more sensitive and better predicted that the majority classes.  
 
Figure 1: Percentage biomass accurately predicted during testing  
8 Conclusions 
In this study, we present RUSBoost as a novel method for the classification of skewed biomass data. This method 
combines random under sampling with boosting which result in improved classification performance of the 
minority class. However, it was noted that the overall performance stood at the average even though the minority 
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classes were excellently predicted. A further study will continue to investigate the performance of RUSBoost and 
other boosting methods by including additional learners and performance metrics in order to improve the overall 
performance of all the classes.  
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3.10. Conclusion 
This chapter reported various articles which were submitted to different international conferences.  
The recent development in bioenergy in Africa were discussed, while the evolutionary algorithms 
applicable in bioenergy exploration were reviewed. Among all, a model was developed to address 
the challenges associated with the skewedness of biomass data.  
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CHAPTER FOUR 
Peer-reviewed/Scopus indexed Book Chapters 
4.0. Introduction 
Two book chapters developed from this thesis were included. The two chapters were submitted to 
the same book. Generally, the book focus on the current trend, challenges and future outlook in the 
valorization of biomass to valuation added commodities, therefore it is relevant to the scope of this 
thesis. The analysis and literature review presented in the chapters were undertaken by this research 
student. The chapters were formatted according to publisher’s requirement.  
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4.1. Article 1 
Application of Lignocellulosic Biomass (LCB) 
Accepted for publication in the book titled, ‘Valorisation of biomass to value-added commodities: 
current trend, challenges and future outlook’, Edited by Michael Daramola and Augustine Ayeni- 
Springer nature publishing. 
This chapter discusses the lignocellulosic biomass feedstock and their applications. Various value-
added products which are sourced or can be potentially sourced from biomass were discussed. The 
value creation pathway for biomass was briefly discussed. The motivations for the application of 
biomass including the environmental benefits, socioeconomic advantages, educational benefits, and 
energy security were highlighted.  
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Application of Lignocellulosic Biomass (LCB) 
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2Mechanical & Industrial Engineering Technology, University of 
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Abstract. The effect of climate change and the need for 
sustainable products and production processes are key 
issues, which are of great concern to the global 
community. Interestingly, there is a vast amount of 
biomass resources, which could possibly satisfy the 
increasing demand for green products, since fossil fuel is 
no longer advisable due to environmental concerns and 
other related factors. Lignocellulosic biomass and the 
residue generated from their processing represents the 
major amount of biomass resources, which cut across 
several sources and has been put to different 
applications. This chapter discusses the lignocellulosic 
biomass feedstock applications and motivations for their 
exploration. References were made to common 
Lignocellulosic biomass and their structural constituents 
vis-a-viz; cellulose, hemicellulose, and Lignin. Various 
value-added products, which can be harnessed from 
lignocellulosic biomass and its residue, are outlined. The 
value creation pathway for lignocellulosic were 
discussed. 
Keywords: Value creation pathway, Lignocellulosic 
biomass, Feedstock application, Value-added products. 
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4.0. Introduction 
The 21st century has ushered in a major epoch in the history of 
humankind due to the level of awareness about climate change and a 
drive towards sustainable global solution. The research and 
development, which are tailored towards conversion of 
Lignocellulosic biomass, LCB to biofuel and other value-added 
products, have witnessed various level of successes. As the 
awareness increases across the globe, the application of renewable 
resources is taking the centre stage in almost all areas that are 
relevant to our daily lives. This chapter discusses the LCB feedstock 
applications and motivations for their exploration. References were 
made to common Lignocellulosic biomass and their structural 
composition vis-a-viz; cellulose, hemicellulose, and Lignin. Various 
value-added products, which can be derived from LCB and its 
residue, are outlined. The value creation pathway for lignocellulosic 
were discussed. 
4.1 Biomass and Climate change 
Biomass-based economy may eventually be the way out for a global 
economy that is immensely dependent of fossil fuel despite the 
effect of climate change and dwindling oil resources. Henry Ford 
has forecasted this scenario in the early 19th century when he 
suggested that the implementation of a bio-based economy is a 
rational and essential choice we have to make in order to advance 
human civilization (Isikgor and Becer 2015). The oil boom was the 
reason why this advice was neglected since the oil was cheaper than 
other commodities. The environmental concern due to massive fossil 
fuel consumption has become the main subject of discussion in most 
global gathering and events, given worrisome messages from most 
countries as per dwindling oil resources amidst a growing 
population. Recent events have shown that global warming is rather 
a reality and not just a mirth that we can wish away (Phanthong et al. 
2018). The damning report and the omnium message from UN 
Intergovernmental Panel on Climate change demand more 
systematic approach to the exploration of renewable energy. As 
shown in Fig. 1, the average fossil fuel consumption was highest in 
2015 over the space of 15years (Worldbank 2018). By 2030, global 
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warming will reach the decisive pre-industrial threshold of 1.5 
degrees Celsius (Brandon Miller and Jay Croft 2018). By 
implication, the global net emission of CO2 will be required to fall 
by 45% from 2010 levels by 2030 and reach a zero value by 
approximately 2050 in order to keep global warming at bay of 1.5 
degrees Celsius (Wuebbles et al. 2017).   There is a technical 
possibility of achieving this mileage, however, it demands a holistic 
and wholesale change in product consumption and manufacturing in 
energy, industrial, building and transportation sectors (Brandon 
Miller and Jay Croft 2018). The European Union, EU has already 
taken a proactive step by approving environmental law against 
environmentally abusive products and directing more efforts to 
sourcing green materials (Lucia 2008). As at 2011, the European 
Commission (EU) had set a long-term goal to develop a competitive, 
resource efficient low carbon economy by 2050, which is 
substantially structured around bioresources (Scarlat et al. 2015). 
From various outlooks which were analysed by EU, it was proposed 
that a cost-effective economic scenario demands around 40% 
decrease in Green House Gas (GHG) emissions from household 
consumption for 2030 compared to 1990 level, and about 80% by 
2050.  
 
 
 
 
 
 
 
 
For instance, in the scheme which may eventually help in receding 
global warming, energy will play a central role since all other 
economy sector substantially depend on it (Obafemi et al. 2018a; 
Adom and Kwakwa 2014). The energy sector was acknowledged as 
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Fig. 1: Average global fossil fuel consumption (Worldbank 2018) 
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vital to achieving cost-effective economy (Scarlat et al. 2015). 
Bioenergy generation may constitute around 57 % of the renewable 
energy likely to be consumed in 2020, of which 45 % will be 
consumed in form of heat and electricity, and 12 % will be provided 
in the form of biofuels applicable in transportation and other allied 
industries (Hamelinck et al. 2012; Banja et al. 2013).  
Interestingly, there is a vast amount of biomass resources, which 
could possibly satisfy the increasing demand for green products.  
Biomass is the oldest renewable energy, which has been consumed 
in the history of humankind. It has the capacity to substantially 
reduce the over-reliance on fossil fuel (Fatma et al. 2018) and 
promote the production of sundry industrial-scale value-added 
product which have found their way to international markets (Ashter 
2017). It is also playing a significant role in the strategic push for 
sustainable development. As shown in Fig. 1, traditional biofuel 
accounts for 79 % of the total renewable energy consumed between 
1980-2016 (Ritchie and Roser 2018). Biomass can be converted to 
several value-added products. Lignocellulosic biomass and the 
residue generated from their processing represents the major amount 
of biomass resources, which cut across different sources and has 
been put to several uses. Many investigations have proved that LCB 
holds tremendous potential for sustainable production of chemicals 
and other highly demanded products (Elbersen et al. 2017; Brinchi et 
al. 2013). 
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Fig. 1: Average global renewable energy consumption (1980-2016) 
(Ritchie and Roser 2018) 
LCB materials are natural, renewable, readily accessible, 
environmentally friendly, green, and low-cost resources with valuable 
features and noteworthy relevance to the industrial sector (Fortunati et 
al. 2016; Brinchi et al. 2013). Biomass exploration has the potential to 
employ thousands of people along the entire value chain. The 
application of LCB for development of value-added products provides a 
leeway to utilize huge raw materials, which are readily available in 
nature. This will ensure the reduction of waste volume, and complete 
biodegradability. 
4.1.1 Lignocellulosic Biomass 
LCB feedstocks are richly accessible at low cost. The worldwide 
annual LCB production is approximately 181.5 billion tonnes (Paul 
and Dutta 2018).  Approximately half of worldwide biomass 
resources are from LCB which is estimated at 3×1014 kg (Lynch 
1987). It has been globally acknowledged that LCB holds immense 
potential for sustainable commodity manufacturing, be it in the 
developing countries or developed countries (Somerville et al. 2010; 
Tye et al. 2016; Isikgor and Becer 2015; Fatma et al. 2018; Lucia 
2008). There are three principal components in LCB which are; 
cellulose, hemicellulose, and lignin. These biopolymers are 
interlinked to each other in a hetero-matrix and at varying relative 
composition depending on the type, species, and even the origin of 
Traditional biofuel
other renewable
Wind
Solar
Hydro
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the LCB. The relative abundance of cellulose, hemicellulose, and 
lignin are key factors in determining the optimum energy derivable 
from LCB. Extensive discussion has been done on lignocellulosic 
biomass by several researchers.(Sluiter et al. 2010; Cai et al. 2017; 
Dhyani and Bhaskar 2017; Singh et al. 2017; Paul and Dutta 2018; 
Olatunji et al. 2018; Obafemi et al. 2018b). Therefore, the reader can 
refer to these literatures for further reading. 
4.3 Sources of Lignocellulosic Biomass (LCB) 
The LCB can be obtained from two sources, broadly classified as; 
Herbaceous and woody biomass. Each of these broad classes have 
several categories based on a standard classification of EN ISO 
17225-1:20149 (Elbersen et al. 2017). As shown in Table 1, 
different sources of LCB and their structural composition are 
detailed. This is not the entire list of the LCB, there are some others 
which are not captured in this table. The readers can consult 
(Elbersen et al. 2017) for further reading on the sources of LCB. 
Table 1: LCB structural characterization (Obafemi et al. 2018b; 
Boumanchar et al. 2017; Dhyani and Bhaskar 2018; Singh et al. 
2017) 
LCB class Source Hemicellulose 
(%) 
Cellulose 
(%) 
Lignin (%) 
Woody 
biomass 
Oak 
Eucalyptus 
Pine 
Spruce 
Poplar 
Douglas Fir 
Ailanthus 
wood 
21.9 
18.4 
24.0 
21.2 
26.2-28.7 
11.0 
22.6 
43.2 
54.1 
45.6 
50.8 
58.8-
53.3 
44.0 
46.7 
35.4 
21.5 
26.8 
27.5 
15.5-16.3 
27.0 
22.2 
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Albizia 
Birchwood 
Beechwood 
Furniture 
sawdust 
Subabul wood 
Oak 
Pine 
Spruce 
Chips from 
wood 
Wood Bark 
 
6.7 
40.0 
31.8 
32.63 
24.0 
21.9 
24.0 
21.23 
31.8 
47 
 
59.5 
25.7 
45.8 
37.23 
39.8 
43.2 
45.6 
50.81 
31.82 
22 
 
 
 
33.8 
15.7 
21.9 
22.16 
24.7 
35.4 
26.8 
27.5 
19.0 
31.0 
 
Agricultural 
residue 
Corn cob 
Cornstalk 
Corn Stover 
Bagasse 
Cashew 
nutshell 
Banana waste 
28.7-35 
43.01 
30.7 
22.6 
18.6 
14.8 
29.7 
40.3-45 
22.82 
51.2 
41.3 
41.3 
13.2 
48.6 
15-16.6 
15.59 
14.4 
18.3 
40.1 
14.0 
27.7 
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Barley straw 
Tea waste 
Rice Husk 
Rice straw 
Millet husk 
Sorghum 
bagasse 
Hazelnut shell 
Hazelnut seed 
coat 
Groundnut 
shell 
Coconut shell 
Nuts shell 
Flax straw  
Grape residue 
Tobacco leaf 
Tobacco stalk 
Bast fibre 
seed flax 
Bast fibre jute 
19.9 
24.3 
22.7 
26.9 
24.0 
15.7 
15.7 
18.7 
25.1 
25-30 
34.40 
34.40 
28.2 
25 
18-21 
22-23 
46.3 
17.3 
21-24 
 
30.2 
31.3 
37.0 
33.3 
41.0 
22.9 
29.6 
35.7 
36.3 
25-30 
36.70 
36.30 
42.4 
47 
45-53 
31-39 
35 
60.8 
43-56 
 
40.0 
14.3 
13.6 
14.0 
10.0 
51.5 
53.0 
30.2 
28.7 
30-40 
28.9 
12.1 
27.0 
23 
21-26 
15-19 
18.8 
8.8 
7-9 
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Bast fibre 
kenaf 
Coffee pulp 
Leaf fibre 
Abaca 
Leaf fibre 
Sisal 
 
Energy 
grasses 
Giant reed 
Switchgrass 
Pennisetum 
Silver grass 
Cat 
grass(orchard) 
Reed canary 
grass 
Medicago 
Sativa 
Willow 
copies 
Orchard grass 
Water 
hyacinth 
 
30.0-29.5 
27.2-27.8 
22.53-21.93 
26.2-25.6 
32 
42.6 
27-32 
49.3 
40 
48.7-49.2 
37.0-
36.1 
38.2-
36.5 
41.8-
40.9 
44.1-
43.3 
40 
29.70 
33-38 
14.1 
32 
18.2-
18.4 
19.0-17.6 
19.1-17.8 
18.5-16.5 
17.5-17.1 
4.70 
7.6 
17-19 
20 
4.7 
3.5-3.55 
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Energy 
crop 
Bamboo 
Sugarcane 
Jerusalem 
artichoke 
(October) 
Jerusalem 
artichoke 
(September) 
 
 
15-26 
31.3 
25.99 
20.95 
53.86 
39.27 
 
26-43 
45.8 
4.50 
5.48 
5.18 
25.96 
21-31 
22.9 
5.70 
5.05 
8.76 
9.02 
Municipal 
Waste 
Urban 
greening 
Sludge 
Newspaper 
Kraft paper 
General 
MSW 
Food waste 
Sorted refuse  
 
22.96 
29.2 
25-40 
9.9 
9-16 
7.2 
20 
 
6.86 
50.6 
40-55 
57.3 
33-49 
55.4 
60 
22.73 
24.7 
18-30 
20.8 
10-14 
11.4 
20 
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4.4 Motivations for the application of Lignocellulosic biomass 
(LCB) 
The exploration of LCB to produce various value-added products is 
motivated by the desire to create value in term of environmental 
benefits, energy security, socioeconomic advantages, and 
educational benefits. Each of these motivating factors are discussed 
below; 
4.4.1 Environmental benefits 
The ultimate motivation that is leading the drive towards renewable 
energy is a need to protect the environment from damaging the 
effect of greenhouse gas (GHG) which has a potential for global 
warming. In line with this, LCB plays a crucial role in 
environmental security, climate protection, and climate change 
mitigation. For instance, bioenergy component of biomass has been 
identified as a major player towards meeting the 20C global 
temperature reduction as set by Paris accord (Joly and Verdade 
2015). Several authors have outlined the environmental benefits of 
LCB (Cai et al. 2017; Experimental investigation of thermal 
properties of Lignocellulosic biomass: A review  2018; Boumanchar 
et al. 2017; Dhyani and Bhaskar 2018; Paul and Dutta 2018; Zhou et 
al. 2011; Kang et al. 2014). For instance, assuming a case of a 
completed LCB life cycle, the total CO2, emission due to the 
combustion of bioethanol is zero, because the amount of CO2 
absorbed from the atmosphere is equal to the amount emitted. Also, 
bioethanol does not produce SO2 which can lead to the formation of 
acid rain. This will definitely reduce the emission of volatile organic 
substances. Some value-added products of LCB processing have 
significant impact on soil and water. Bio-ethanol and biodiesel are 
biodegradable, therefore their potential impact on the environment 
are drastically reduced. The special constituent, which is obtained 
after ethanol production from Sugarcane, can be a source of essential 
nutrient to the soil. These organic nutrients can reduce the 
application of chemical-based fertilizer while mitigating water 
pollution. All these will be of overall benefits to the environment. 
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4.4.2 Energy security 
From the look of things, the global energy security may substantially 
depend on the sources other than fossil fuel. Around 75% of world 
proven oil reserve are located in seven countries (Ren21 2011). 
Given the concerns over the sustainable and reliable future supply of 
fossil fuel, which is hinged on the recurring volatile global oil price, 
the developing countries have to pay high prices for the importation 
of fuel and allied products. This means that there are limited 
resources available for these countries to execute other 
developmental projects. Meanwhile, biomass could provide about 
25% of global energy demand in a year and it is the only renewable 
energy, which can be directly transformed to liquid fuel (Briens et 
al. 2008; Tewfik 2004; Yanli et al. 2010). The energy derived from 
LCB (liquid, solid, gaseous) can be used in all sectors of the society 
for production of electricity, transportation, heating and cooling, and 
industrial processes. In 2012, about 2.6 billion people depended on 
traditional biomass to meet their energy demands (IEA 2013). Of the 
total 18% renewable energy that was consumed in 2016, bioenergy 
contributed 14% (World Energy Council (WEC) 2016; BP 2016), 
this underlines the increasing significance of biomass in energy 
security. 
4.4.3 Socioeconomic advantages 
Apart from energy security and the environmental impact of LCB, 
more employment opportunity and economic prosperity abounds as 
the application of LCB progresses across the entire production chain 
of a value-added product. There would be increase in the labour 
required to cultivate feedstocks, the processing industries will be 
built, small-scale farmers and entrepreneur will increase with the 
increase in transportation and processing demands of biomass. The 
residents at proximate locations to the biomass cultivating and 
processing facilities could also derive income across the supply 
chain. Also, for waste-derived LCB, waste recycling will be another 
source of employment creation. The cultivation of bioenergy crops 
on wasteland will create employment opportunity in rural areas 
while processing of biofuel waste products to value-added materials 
such as soap, fertilizer, catalyst, and cattle cake will also be sources 
of income. For instance, in the year 2016 bioenergy sector provided 
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130, 677 jobs in the United State, US (Energy. 2018), while biomass 
energy which are substantially made of LCB produces 4.7 million 
Gross Domestic Product (GDP) and above 42, 000 jobs in Iowa 
(Urbanchuk 2016). Also, Urbanchuk (Urbanchuk 2016) reported that 
biomass energy industry has progressively boosted Iowa’s economy 
for more than 20years. 
4.4.4 Educational benefits 
Sustainable development is impossible without proper education and 
information dissemination. Jennings and Lund (Jennings and Lund 
2001) rightly concluded that education is important for the 
development of renewable energy of which LCB is a vital source. 
The notable effect of the rapid growth in LCB exploration is an 
increasing demand for skilled professionals who can design and 
maintain biomass cultivating and processing facilities. This means 
there will be a need for training and retraining of personnel along 
this line. In addition, in a case where feedstock is to be cultivated 
and produced on a large scale, a huge workforce is required. At the 
higher education level, LCB has opened a new frontier for acquiring 
knowledge on different areas such as conversion technologies, 
processing methods, characterization techniques, and modelling 
methods. So, the researcher and experts will have to dig deeper in 
order to update their knowledge within this scope. 
4.5 Value added products of LCB and their Application. 
There are several products, which have been manufactured and 
could still be produced from LCB. The followings are some of the 
products, which have been reported in the literature; 
1. Nanostructure LCB: The nanostructure LCB mainly made of 
lignin and cellulose had been applied in various areas. It has 
been applied to reinforce polymers in order to produce 
nanocomposites due to its exceptional mechanical strength, 
aspect ratio, and large surface area. These reinforced polymers 
have been used for orthopaedic applications, building materials, 
paint additives, catalytic degradation of organic pollutants, 
monitoring of waterborne pathogens and organic contaminants, 
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cosmetic products and so on (Fortunati et al. 2016; 
Mohammadinejad et al. 2016; Brinchi et al. 2013). 
2. Transportation fuel: Frank (Rosillo‐Calle 2016) reviewed the 
biomass energy potential and usages. There was a detailed 
reporting of the state of application of liquid fuel derived from 
LCB as a transportation fuel which cut across aviation and road 
transportation. Biofuel in liquid form can be used to remove 
carbon in transportation sector which is still 90% oil 
dependent(Agency 2018). In 2016, 4% of global road transport 
fuel demand was met by biofuel. Biofuel production is 
projected to rise to 159 billion litres in the next five years 
(Agency 2018). 
3. Heat and Power generation: Most recently, bioenergy derived 
from LCB has been processed for heating and electric power 
generation. It has been reported that 6% of global heat 
consumption in 2015 was provided by biomass(Agency 2018). 
Modern bioenergy has been applied directly in space heating 
and, district heating scheme. Also, approximately 500TWh of 
electricity has been generated from biomass in 2016, this 
translate to 2% of world electricity generation (Agency 2018). 
This development is largely due to the higher levels of policy 
support across the nations. 
4. Lubricating additive: Lubricants have been very essential to 
human activity. Lignin as an additive can enhance anti-wear 
property of due to the formation of lubrication film and strong 
adhesion to the interacting surface (Mu et al. 2018). Since 
lignin is a part of an active structural component of LCB, 
lubricants or lubrication additives can be extracted from LCB. 
5. Biopolymers and fibres: LCB derived polymers have used in 
several commercial applications such as automotive, packaging, 
horticulture medical and biomedical equipment, purification 
and Pharmaceuticals (Ashter 2017).Biopolymer modification 
based on green chemistry technique leads to a variety of 
products that can be used at home and industries. For packaging 
industry, a novel flexible film in semblance of plastic packaging 
film was engineered from chitin and cellulose from the tree 
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(Satam et al. 2018). This may be a major breakthrough for 
renewable and biodegradable packages given the importance of 
product packaging across the industries. 
6. LCB based construction materials: Natural fibres can be 
processed or hybridized in order to produce building 
construction materials. For instance, bamboo has been used in 
building construction due to its strength and durability. It has 
often served as a green scaffolding in building construction. 
Also, Giglio (Giglio 2013) proposed Hemp bio-composites as 
an alternative to masonry. France allows the usage of hemp 
reinforced plaster in their construction sector (Stevens 2010). 
The composite obtained from hemp fibre has been 
commercialized in form of hemp block structure. Also, 
cellulose nanocrystals can be added to concrete in order to 
obtain stronger matrix through a chemical reaction. Cellulose 
nanocrystal can be blended with plastic and other synthetic 
materials to produce industrial fillers. This will reduce the 
weight of materials and subsequently reduce the energy 
consumption. 
7. Pharmaceutical products, Commodity chemical, and monomers: 
Pharmaceutical chemicals include; medicinal drugs, veterinary 
drugs, hygiene materials, diagnostic agents, nutraceuticals, 
disinfectants, antioxidants, and personal care 
products(Valavanidis and Vlachogianni 2012). It has been 
reported that 30%-90% of the active agents in pharmaceuticals 
are excreted unchanged after consumption(Technology 2017). 
These unprocessed metabolites and degradation products 
contaminate the water and soil thereby posing a threat to human 
health and wildlife. The extraction of the active agents in these 
products from LCB will be of benefits in term of rapid bio-
digestion in the human body and biodegradability of the 
metabolites in the environment. 
8. Food and feed Production: As the world population increases, 
ensuring the sustainability of healthy food and feed production 
to meet the demand is one of the greatest challenges in the food 
industry. Among other applications of LCB in the food 
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industry, proteins from green leaves and algae can be deployed 
as food and feed ingredient. This will reduce the consumption 
of fossil fuel-based food additives. 
9. Nanocrystal from LCB in healthcare delivery: There are 
ongoing research on the use of high-performance nanocrystals 
and optical films as a thickening agent and also in drug delivery 
in pills and by injection. However, the ongoing concern around 
the environmental impact and human health is still under 
investigation(Roman 2015). Nanocrystal has also been touted as 
a potential candidate for vaccines production(Davis 2007) and it 
can also be used in scaffolding in order to grow bones for 
orthopaedic applications(Fox et al. 2016). 
10. Water treatment and antiscalant: The biggest challenges facing 
water-based industries is the need for the prevention of scale 
build-up in water handling equipment. A novel type of cellulose 
nanoparticles which was invented by Sheikh et al.(Sheikhi et al. 
2018) has shown great promise in addressing this challenge. As 
discussed, most of the present anti-scaling agent which are used 
are high in phosphorous derivatives which could contribute 
hazardously to environmental pollution and could result in 
damages of aquatic ecosystems. Nanoengineered hairy cellulose 
was discovered to work better than phosphonated molecules. 
11. Future use: The future application of LCB nanocrystals may 
include optical chips production, protein analysis, Smart 
materials production, manufacturing of bio-tags for gene 
identification, bio-sensor and bio imaging(Lizundia et al. 2017), 
Medical imaging, Opto-isolators. 
4.6 Factors that affect the application of LCB 
The factors, which can affect the application of a certain class of 
LCB, can be broadly divided into Mechanical behaviour, Thermal 
behaviour, and structural behaviour and chemical behaviour. These 
factors have been thoroughly discussed in the literature, so readers 
are referred to these articles for further readings (Jiménez and 
González 1991; Cai et al. 2017; Experimental investigation of 
thermal properties of Lignocellulosic biomass: A review  2018). 
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4.7 Lignocellulosic biomass conversion pathway 
The major pathways through which LCB can be transformed into 
value-added products have been discussed by several authors (Cai et 
al. 2017; Obafemi et al. 2018b; Dhyani and Bhaskar 2018). A direct 
combustion method is the most widely used since almost 97% of the 
LCB which is harnessed across the world are applied as in this form 
(Bridgwater 2003). This method is particularly significant in the 
developing countries (Zhang et al. 2010). Combustion can be 
divided into three stages, which are pyrolysis, drying, and reduction. 
The reduction stage can generate up to 70% of the total heat 
compared to other combustion stages (Dhyani and Bhaskar 2017). 
These massive heat generations can be channelled into different 
purposes. Other conversion methods include; Biochemical 
conversion and thermochemical conversion. Table 2 shows the 
processes through which value-added chemicals and fuel products 
can be obtained from LCB. 
Table 2: Value addition process and products 
Value addition 
processes 
Value added products References 
Gasification Methane  (Kanat and Saral 
2009; Ozkaya et al. 
2007) 
Biohydrogen (Wang and Wan 
2009) 
Biogas (Abu Qdais et al. 
2010; Strik et al. 
2005; Alejo et al. 
2018) 
Microbial Fuel cell (Tardast et al. 2014; 
Tardast et al. 2012; 
Sewsynker et al. 
2015) 
Biochemical 
conversion 
Methane, Biodiesel, ethanol, 
Compost  
(Sewsynker-Sukai et 
al. 2017; Furlong et 
al. 2013; Sarkar et al. 
2012) 
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Direct Liquefaction Methanol, liquid fuel, 
Adhesives, Biopolymers, 
Phenolic resin, Polyurethane 
 
   
Pyrolysis Bioethanol, Methanol, liquid 
fuel, Adhesives, 
Biopolymers, Phenolic resin, 
Polyurethane 
(Betiku and Taiwo 
2015; Esfahanian et 
al. 2013) 
Electricity (Uzun et al. 2017; 
Acquah et al. 2017; 
Ghugare et al. 2014; 
Ghugare and Tambe 
2017) 
Direct combustion Electricity, Heat  
 
4.8 Value Creation Pathway (VCP) 
In order to create a value-added product from LCB, there are 
pathways, which the feedstock must be subjected. The sequence has 
been identified as shown in Fig. 2, and it is briefly discussed as 
follows; 
Feasibility 
analysis
Feedstock 
collection
Feedstock 
classification
Properties 
analysis
Value addition 
processes
Value added 
products
 
Fig. 2: Schematic diagram of the value creation pathway 
1. Feasibility analysis-First of all, it should be studied to confirm 
if there is a sufficient amount of a given LCB which can be 
applied in producing value-added products. Also, the 
environmental consequences of such exploration should be 
established. For instance, the exploration of LCB should not 
lead to food and water competition, therefore it is advisable to 
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apply residues and waste in the production. Also, the supply 
chain for LCB must be analysed in order to allow a strategic 
planning that is aimed at reducing the cost of production.  
2. Feedstock collection: Since the biomass materials are grown in 
different places, the LCB would be collected from different 
sources and aggregated before application. The studies have 
shown that charges on the collection, inventory, and 
transportation of LCB feedstock can account for about 50% of 
the production cost (Kurian et al. 2013). This must be put into 
consideration in the overall planning process. Critical path 
analysis of different sources may help in determining the 
minimal cost of LCB collection. 
3. Feedstock classification: The LCB are from various sources 
and origin, therefore, there is a need for classification to 
determine the ones that can be processed together for a specific 
application. This is because the source of a particular LCB may 
affect its properties and behaviour (Khan et al. 2009). 
4. Property analysis: The properties of LCB can be broadly 
categorized in Proximate, Compositional, Structural and 
thermal properties. The properties of the biomass determine the 
type of conversion process which may be applicable to a 
specific biomass. For instance, LCB with high moisture content 
is a better candidate for a Biochemical conversion process (Cai 
et al. 2017; Singh et al. 2017; Kok and Ozgur 2017). These 
properties have been reviewed and reported in the literature 
(Abed et al. 2012; Cai et al. 2017; Obafemi et al. 2018b; Dhyani 
and Bhaskar 2017; Kou et al. 2017). 
5. Value addition processes: Value addition is a process of 
converting a product, in this case, LCB from its original state to 
an economically more useful phase. Generally speaking, value 
addition means, to economically improve the usability of a 
commodity by changing its current phase, and altering a set of 
characteristics to other characteristics that are more acceptable 
in the market, or more efficient in term of its functionality.  The 
main value addition process through which LCB are converted 
to useful products have been discussed in section 4.7. Many raw 
21 
 
feedstocks have intrinsic value in their unprocessed state. For 
instance, field corn grown, harvested and stored on a farm and 
then fed to livestock on that farm has created value, but further 
values in form of organic fertilizer can be derived from the 
manure obtained from the livestock. Value-added processing of 
the LCB residues/wastes is a downstream process to produce 
additional high-value products from residues or wastes 
generated residue. 
6. Value-added Products: The main products which can be 
obtained from LCB have been outlined in section 4.5 and 4.7. 
4.9 Challenges associated with the exploration of 
Lignocellulosic biomass (LCB) 
Notwithstanding the enormous benefits and several motivation for 
the application of LCB in the development of value-added products, 
some difficulties need to be surmounted in order to derive the 
maximum value. These challenges are associated with different 
stages along the value creation pathway (see section 4.8), from the 
sourcing of LCB to the final use. Also, the extent of these challenges 
depends on the kind of feedstock, the location across the globe and 
other related indicators. Broadly speaking the challenges can be 
classified into; operational dimension, socioeconomic dimension, 
policy and regulation, and population explosion. These are briefly 
discussed below; 
1. Operational challenges: The expansion of the LCB valuation 
chain has been affected by the availability of resources and 
standardization of processing equipment to cope with 
feedstocks from diverse sources. These equipment are 
applied during harvesting, transportation, storage and final 
use. While there are several pre-treatment approaches which 
have been devised to retain the properties of LCB transported 
over a long distance (Tumuluru 2018; Karimi and 
Taherzadeh 2016), there may be increase in the cost 
associated with the production. Useful data, which are 
needed for accurate prediction of the quantity, quality and 
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potential of different LCB sources and technologies, are not 
yet enough.  The seasonal variation in the production LCB 
means that the price of the product base may vary, while the 
moisture content may lead to an increasing pressure on the 
transportation infrastructure. Also, there is a further need for 
the rural communities who are often the major source of the 
feedstock to understand the technicalities needed to maintain 
and operate the plants to produce LCB based products. 
Despite all these challenges, the advancement in research and 
innovation is opening a new page toward reduction in 
operation challenges, which has been highlighted. For 
instance, the intelligent management of supply chain will 
reduce the cost associated with supply chain management.  
2. Socioeconomic challenges: The socio-economic dimension 
of the challenges related to value creation from LCB are 
centred around feedstock acquisition cost, high investment 
and start-up cost, conflicts related to decision making, land 
use issues and environmental impact. Since the LCB 
resources are dispersed across different locations, the 
investor may want to build the plant close to the most 
abundant source, leading to the centralization of projects, 
which may have engendered development in other locations 
if the plant were to be cited there. The high operation cost 
associated with biomass processing technologies is also a 
source of concern to the investors. Although the decision 
related to the location, route and processing technologies are 
noticeable, responsible leadership structure, which ensure 
proper communication with the stakeholders will guarantee 
the proper understanding of socioeconomic benefits of 
resources utilization. Also, the job creation through the entire 
value chain should be enough to offset the negative impact of 
the LCB value chain. 
3. Policy and regulatory challenges:  Policy and regulation in 
several developing countries has created a bottleneck, which 
hampered the growth of biomass value chain. Deliberate 
policy, which promote green pricing in biomass industry, 
may be an effective tool to enhance market acceptability of 
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biomass value-added products. In some countries, the 
biomass resources as a renewable alternative have not 
received enough attention, because the government is more 
focused on fossil fuel. More so, there are no well-structured 
rules to regulate the utilization of biomass resources, 
especially in most developing countries. Again, there is no 
well-established mechanism, which manage the development 
of biomass resources industry, where the national policy and 
standards exist, there is no specialized department that is 
designated to monitor the implementation.  
4. Growing Population and competitive demand for land: With 
increasing population, there is more demand for land for both 
human shelter, recreation centres, religious centres, motor 
park and agricultural practices. In some part of Africa where 
the effect of climate change is leading to decreasing 
availability of green pasture and water, the nomads often 
transverse the country in search of greener pasture for their 
livestock (Teitelbaum and Mueller 2019; Sivini 2017). This 
has led to severe ethnic clashes in the countries. Also, it has 
been projected that human population will grow to 9 billion 
by around 2050, this will result in increasing global food 
production to about 60% (Thomson et al. 2019; Tilman et al. 
2011; Alexandratos and Bruinsma 2012). The expected 
increase in global demand for food means that more cropland 
needs to be cultivated. Which means the agricultural 
production will need to rise. Thankfully, the residue, which 
are generated from the agricultural practices, is a good 
source of biomass feedstock, which is available at lower cost 
and environmentally sustainable. These provides dual 
benefits; while the food demand is been met, the product 
residue is further converted to value-added product for 
human use. Land use can lead to the interruption of 
ecosystem and natural habitat of the people and animals. The 
marginal and degraded lands can be used for the production 
of LCB, this will reduce the pressure on the arable land 
(Edrisi and Abhilash 2016; Nalepa et al. 2017). 
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4.10 Conclusion 
It is possible to secure sufficient access to LCB if the resource-
constrained world would make it a priority. Among the latest 
research endeavour, the value-added materials of LCB extract is of 
interest due to its sustainability, high efficiency, biodegradability, 
and availability. Various value-added products, which can be 
sourced from LCB, were discussed. In addition, the conversion 
processes were outlined while the motivation for this latest LCB 
drive was explained. The future scope of LCB application is 
expected to further increase, given the advancement of pre-treatment 
technologies and other processing technique. 
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4.2. Article 2 
Application of Artificial Intelligence in the Prediction of the Thermal Properties of Biomass 
Accepted for publication in the book titled, ‘Valorisation of biomass to value-added commodities: 
current trend, challenges and future outlook’, Edited by Michael Daramola and Augustine Ayeni- 
Springer nature publishing. 
This book chapter expatiate on the progress of AI and the areas related to biomass heating value 
prediction. The paradigms of machine learning were discussed. The stages involved in model 
development were presented in a flow chart. Various sensitivity analysis methods were discussed 
in tabular form. Different data division methods were highlighted. Finally, case studies where ANN 
and PSO-ANFIS were applied to predict the heating value were reported. As a conclusion, the 
authors proposed that a standard method for the determination of the optimal number of hidden 
layers should be investigated while an open access and accurate standalone software should be 
developed for the prediction of biomass properties.  
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Abstract. Biomass have been agreed to be the most 
sustainable and abundant renewable source which can 
be used as a replacement for crude oil-based products. 
Biomass as value-added products in energy generation 
must be comprehensively characterized in order to 
determine its properties. However, the experimental 
procedure for these analyses demands instruments that 
are very complex, exorbitant and requires a stable 
electricity supply. The advancement of knowledge in 
artificial intelligence and blockchain technology is 
unlocking new potential prediction accuracy for 
biomass properties. Artificial intelligence (AI) has been 
applied in the prediction and modelling of several 
processes. Advances in machine learning, rapid 
development of algorithms and prediction accuracy are 
the major motivation behind the increasing application 
of Artificial intelligence (AI). Therefore, this chapter 
highlights the methods, which have been applied in the 
prediction of the properties of biomass. It further 
discusses the AI-based prediction models for biomass as 
regards the thermal properties. The types of models, 
stages involved in the formulation of prediction models, 
the paradigm of learning, classification of training 
algorithm and sensitivity analysis are detailed. The 
governing principles, applications, merit, and challenges 
associated with this technique are elaborated. Some 
relevant case studies were reviewed. 
Keywords: Artificial intelligence, Energy generation, 
Learning paradigm, Biomass, Value added products. 
 
5.0 Introduction 
The use of Lignocellulosic biomass (LCB) as value-added products in 
energy generation requires detailed characterization of its 
properties. The Higher Heating Value (HHV) is a key criterion in 
evaluating the energy content of Lignocellulosic biomasses (Yin 
2011; Ghugare et al. 2014; Olatunji et al. 2018; Obafemi et al. 
2018). However, the experimental procedure for these analyses 
demands instruments that are very complex, exorbitant and 
requires a stable electricity supply. Tremendous progress has been 
made in artificial intelligence; this is opening a new window of 
opportunity in the study of biomass properties toward the 
utilization of bioresources.  Artificial Intelligence (AI) has been 
applied in several field of the studies such as supply chain 
management, risk assessment, medical and health service delivery, 
manufacturing, energy prediction and so on (Harsh and Singal 2014; 
Li et al. 2017; Dagli 2012).  
Artificial Neural Network (ANN) is demonstrating to be a crucial 
tool, with a potential to enhance the research development in 
biomass energy prediction (Obafemi et al. 2019). ANN and other 
intelligent models have been used for the experimental simulation, 
with a view to improve researches on biomass processing and 
related development. Hence, this chapter discusses the stages in 
ANN model development, training algorithm, transfer functions, 
and error measures. The recent findings regarding the application 
of AI in LCB properties prediction are discussed.  Taking a cue from 
the status of AI in biomass exploration, an outlook is chatted for 
further studies. It was noted that some of the disadvantages of 
ANN such as high processing time is been continuously addressed 
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through different hybridized models (Akkaya 2016; Gray and 
Schmidt 2018). 
5.1 Renewable Energy and the Application Artificial 
Intelligence 
Artificial Intelligence has begun to transform the way many 
industries create and deliver their products and services including 
energy provision. A recent study from Roland Berger Agency (2017) 
predicts that AI can improve the efficiency in utility companies by 
five time within five years (Agency 2017), but more than three-
quarters of the companies who responded to the survey said their 
company had no immediate plan to explore AI technologies. 
However, capital commitment to digital technologies by energy 
companies have swiftly increased in the course of time, with 
worldwide financial commitment to digital electricity infrastructure 
and software grown by more than 20 % every year since 2014 and 
climbing to $47 Billion in 2016. This investment, in 2016 was almost 
40 % greater than global investment in gas-fired power generation 
which amount to $34 Billion (Agency 2017). This shows the extent 
to which AI has been accepted in energy industry. Table 1 presents 
the merits and demerits of the ANN, which possible may have, 
engender the rapid acceptance of this technology. 
Table 1: Merits and Demerits of ANN 
Merits Demerits 
Can perform nonlinear 
programming task 
It requires training 
Self-learning capability Require High processing time  
Easy implementation  
Robust at solving complex 
problems 
 
Can be implemented in any 
application 
 
Non-linearity  
 
5.2 Kinds of data for model development 
Data is the fuel needed for the development of any kinds of model. 
Two kinds of data are required for a model development. These are 
(Finlay 2014);  
• Predictor data: Also known as Predictor variables. This data type 
is used in making prediction. In this case, the proximate values 
such as Fixed carbon, volatile matter, moisture content, M and ash 
contents are the predictor variables 
• Target data: This is the function or behaviour that is intended to 
be predicted. In this instance, HHV is the Target variable since it 
determines the enthalpy of combustion of LCB. 
A relevant mathematical or statistical technique is applied to 
establish the correlation between predictor functions and the 
target functions. Once the relationship from the resulting models 
are capture, it can be applied to determine the target function of a 
new case if the predictor data is known (Finlay 2014). 
5.3 Model development techniques 
Predictive modelling is an analysis technique through which a 
future outcome or behaviour is determined based on the past and 
current data at hand (Technopedia 2018). It can also be defined as 
a procedure that uses data mining and probability to predict future 
(Rizopoulos 2018). Each model comprises several predictor’s 
variable, which may possibly affect the future forecast. Data 
gathering is the first level before model formulation. Once the data 
is gathered, a model, which could be linear, multiple regression or 
deep artificial intelligent model is developed. Predictive models 
have been variously described and applied by different authors in 
biomass and non-biomass applications (Rizopoulos 2018; Kuhn and 
Johnson 2013; Cranmer and Desmarais 2017; Ratner 2017; Siegel 
2013; Ebert 2000; Finlay 2014; Vonesh and Chinchilli 1996; Pinheiro 
et al. 2014; Adedeji et al. 2019). There are many methods, which 
can be applied to develop a model, but the applicability depends on 
the shapes and sizes of the data. Most commonly, models can be 
broadly classified several categories, some of which are listed 
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below (Finlay 2014; Guo et al. 2003; Pal 2008b; Hsu and Lin 2002; 
Dietterich 2000);  
I. Linear models  
II. Decision tree also known as CART 
III. Kernel Nearest Neighbour (K-NN) 
IV. Artificial Neural Networks (ANN) 
V. Support vector machine (SVM) 
VI. Multiclass SVM (MCSVM) 
VII. Ensembled Classification  
VIII. Cluster model 
IX. Expert systems (ES) 
5.4 Model evaluation criteria 
There are several evaluation methods, which have been developed 
in the literature. Some of them were highlighted by Konishi and 
Kitagawa (Konishi and Kitagawa 2008). In addition, there are other 
model-specific evaluation criteria, for instance when dealing with 
classification problems, metrics such as accuracy, error rate, 
precision, kappa statistics, and so on can be applied. Therefore, 
selection of relevant evaluation criteria is very germane to the 
development of versatile model. 
5.4.1 Assessment criteria for good prediction models 
In biomass energy resources and properties modelling, most 
researcher often focus on prediction accuracy just as if it is the only 
criteria (Finlay 2014) which can be used to determine the goodness 
or suitability of a model. However, there are other criteria, which 
are outlined below and detailed in (Finlay 2014; Hatem Ksibi 2015; 
Bai et al. 2011; Mac Nally et al. 2018); 
 
I. Simplicity 
II. Sensitivity 
III. Acceptability 
IV. Stability 
V. Explicability 
5.4.2 Linear and Non-linear equation for biomass HHV 
estimation 
Several linear and nonlinear empirical equations have been 
formulated for the estimation of the enthalpy of combustion of 
biomass as shown in Table 2. While some were developed based on 
the ultimate properties, others were derived from the proximate 
analysis. It must be noted that no single types of model can be used 
for all prediction problems (Finlay 2014), therefore most of the 
previously developed models for other applications may not be 
suitable for all biomass data (Huang et al. 2009; Abidoye and Mahdi 
2014; Tosun et al. 2016).  
 
Table 2: Linear and Nonlinear empirical equation for biomass HHV 
prediction 
 
Equation (𝐇𝐇𝐇𝐇𝐇𝐇𝐇𝐇10-1MJ/kg) based on Ultimate 
analysis  * Ref 
1  2.30C +  7.61H +  12.47N +  142.59  (Abbas et al. 
2013) 
2  3.71C +  0.01112H −  1.391O +  3.178N +  1.391S (Meraz et al. 2003) 
3  4.912C −  9.119H +  1.177O  (Thipkhunthod 
et al. 2005) 4  4.925C −  9.26H −  1.176O +  0.193S  
5 4.148C −  1.841H +  1.789O −  21.595  
6  4.259C −  0.698H +  1.817O −  1.805N +  22.77  
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7  4.302C −  1.867H +  1.842O −  1.274N +  1.786S –  23.799  
8 4.064C −  2.106H +  1.603O −  1.513N +  1.547S –  0.238A +  0.000034  
9  4.064C −  2.105H +  1.604O −  1.512N +  1.548S –  0.238A  
10   3.959C −  4.471H +  1.543O +  1.543N +  2.555S –  0.181A +  0.217  
11   3.956C −  4.46H +  1.54O +  1.54N +  2.545S –  0.219A  
12   1.343C –  15.021H –  27(O2/(1 − A/100))  +  291.328(1 − A/100)  
13  2.798C –  8.491H +  7.249O –  92(O2/(1
− A/100)) –  1.185S  
14   6.838(0.328C +  1.419H) +  0.928S +  1.546O –  0.000238N −  0.331A  
15  (2.949C +  8.50H)  (Yin 2011) 
16  (8.790C +  3.214H +  0.56O –  248.26)  (Elneel et al. 
2013) 
17  4.373C –  16.701  (Tillman 2012) 
18  3.35C +  14.2.3H −  1.54O (Demirbas et 
al. 1997) 
19  3.699C +  13.178  (Demirbaş 
2001) 
20  3.856(C +  H) –  16.938  (Demirbaş 
2001) 
21  3.259C +  34.56  (Sheng and 
Azevedo 2005) 
22  3.137C +  7.009H + 0.318O −  13.675  (Sheng and 
Azevedo 2005) 
23  3.491C +  11.783H –  1.034O –  0.151N +  1.005S –  0.211A  (Channiwala and Parikh 
2002) 
24   3.491C +  11.783H –  1.034O –  0.151N +  1.005S  (Channiwala and Parikh 
2002) 
25  3.01C +  5.25H +  0.64O −  7.63  (Jenkins and 
Ebeling 1985) 
26  3.578C +  11.357H –  0.845O +  0.59N +  1.119S  (Lloyd and Davenport 
1980) 
27   3.515C +  11.617H –  1.109O + 0.6276N + 1.046S  (Boie 1953) 
28 3421.5C +  4461.3H +  3519.8N +  255.7O 
− 130.5A (Phichai et al. 2013)  
 
 Equation (HHV x10−1MJ/kg) based on Proximate analysis 
 
29 HHV = 3.133(VM + FC) − 108.141  (Jiménez and 
González 
1991) 
30 141.19 + 1.96FC  (Demirbaş 
1997) 
31 3.543FC + 1.708VM  (Cordero et al. 
2001) 
32 3.536FC + 1.559VM − 0.078A  (Parikh et al. 
2005) 
33 −(99.14 + 2.324A)  (Sheng and 
Azevedo 2005) 
34 2.218VM + 2.601FC– 30.368  (Sheng and 
Azevedo 2005) 
35 1.905VM + 2.521FC   (Yin 2011) 
36 192.880 − 2.135VM/FC − 19.584A/VM+ 0.234FC/A (Nhuchhen and Abdul 
Salam 2012) 
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37 207.999 − 112.277AVM − 3.214VM/FC+ 44.953 � AVM�2 + 0.051 �VMFC �2
− 7.223 � AVM�3 + 0.383 � AVM�4+ (0.076FC/A) 
(Nhuchhen 
and Abdul 
Salam 2012) 
43 (34.215C +  44.613H +  35.198N + 2.557O −1.305A)× 102 (Phichai et al. 2013) 
* ‘FC=Fixed Carbon, A =Ash, VM=Volatile matter, H=Hydrogen, 
O=Oxygen, C=Carbon, S=Sulphur, N= Nitrogen’. 
An overview of the studies on prediction models for biomass 
properties, especially the heating value and elemental composition 
are majorly based on proximate analysis, this is understandable, 
since it is cheaper to determine the proximate properties compared 
to other properties (Olatunji et al. 2018; Olatunji et al. 2019b; 
Olatunji et al. 2019a). Up until year 2000, most models developed 
for LCB properties prediction are either made of linear or 
multilinear regression, but it has been noted that the dependencies 
between proximate constituents of biomass and HHVs are 
sometimes non-linear. Therefore, the prediction based on linear 
regression may not be versatile to accurately predict various 
attributes of biomass, especially when different experimental data 
are presented to them (Ghugare et al. 2014; Ghugare and Tambe 
2017).  
5.4.3 Stages where ANN can be applied in Value creation cycle 
At different stages in the production of value-added product, which 
in this case are different kinds of energy products especially fuels, 
ANN are applied to achieve different outputs using different 
parameters. Presented in Table 3 are the areas of application of 
ANN toward the production of value-added products from biomass. 
Table 3: Areas of ANN application in Value creation 
Value 
creation 
processes 
Value-added  
products 
Areas of ANN 
application 
References 
Gasification Methane  Methane 
production, 
 Chemical oxygen 
demand,  
methane fraction 
(Kanat and 
Saral 2009; 
Ozkaya et al. 
2007) 
Bio-
hydrogen 
PH determination,  
Hydrogen yield  
substrate 
degradation 
(Wang and 
Wan 2009) 
Biogas Biogas yield, 
 H2S  
and NH3 in biogas 
(Abu Qdais et 
al. 2010; Strik 
et al. 2005; 
Alejo et al. 
2018) 
Microbial 
Fuel cell 
Current 
generation,  
Power density,  
Hydrogen yield 
(Tardast et al. 
2014; Tardast 
et al. 2012; 
Sewsynker et 
al. 2015) 
Biochemical  Biodiesel Lipid productivity, 
 Biomass 
concentration 
(Sewsynker-
Sukai et al. 
2017; Furlong 
et al. 2013; 
Sarkar et al. 
2012) 
Pyrolysis Bioethanol Yield,  
Bioethanol 
concentration,  
Bioethanol 
production 
(Betiku and 
Taiwo 2015; 
Esfahanian et 
al. 2013) 
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5.5 Categories of models for biomass properties prediction 
When developing a model to assist in the design process needed 
for the exploration of value-added products, it is of necessity to 
apply the right type of model. This is because a wrongly developed 
model could waste computing time, and could either provide non-
commensurate information or an entirely wrong estimation 
(Guidotti et al. 2018; Ljung 2001; Reynders et al. 2014; Gray and 
Schmidt 2018; Prada Moraga et al. 2018; Khan and Khan 2012). The 
choice between the existing models depends largely on the level of 
details required. The three categories of models  are (Khan and 
Khan 2012); 
I. Black box model: This represent the class of models whose 
internal working knowledge is not known, this model simply 
solve problems without making reference to the working 
principles (Ljung 2001; Guidotti et al. 2018). This means there 
is no prior knowledge of the system they represent. Examples 
are; Neural Network, NN, Fuzzy systems. 
II. Grey box model: These models are driven by the combinations 
of mathematical equations and experiential knowledge. In this 
model, certain elements can be approximated by rules 
(Reynders et al. 2014; Gray and Schmidt 2018; Khan and Khan 
2012). Examples; Hidden Markov Model (HMM). 
III. White box model: This kind of models are wholly driven by 
mathematical equations. It contains very detailed simulation 
Electricity Feedstock 
characterization 
(Uzun et al. 
2017; Acquah 
et al. 2017; 
Ghugare et al. 
2014; Ghugare 
and Tambe 
2017) 
Direct 
combustion 
Electricity, 
Heat 
Energy content,  
Optimization 
 
without any approximation. They are only applied in situations 
where the results are expected to closely reflect the reality, 
however, they often consume large chunk of computing power 
(Guidotti et al. 2018; Khan and Khan 2012). It should be noted 
that a pure white box model does not exist in reality. Table 4 
shows the differences between different categories of model 
which can be applied in biomass feedstock evaluation. 
Table 4: Different categories of models (Guidotti et al. 2018; Ljung 
2001; Reynders et al. 2014; Gray and Schmidt 2018; Prada Moraga 
et al. 2018; Khan and Khan 2012) 
Black box models White box models Grey box models 
Low computation 
time 
Large computation 
time 
More flexibility 
Minimum 
computational power 
Large memory 
requirement 
Ability to 
approximate 
Less flexible Very high 
flexibility 
 
It lacks physical 
meaning 
Greater realism  
 
5.6 Elements of ANN Architecture 
Some model application may require binary input properties along 
their summing operations, therefore these type of operations can 
be built on relevant elements of ANN (Bangal 2009). To this end, 
there are seven main components in ANN which are valid 
irrespective of the layer (Input, Output, Hidden) in which the 
neurons are used. These have been discussed in details in (Shariff et 
al. 2006; Stanley 2000; Bangal 2009) They are; 
I. Weighted Factor 
II. Summation functions 
III. Transfer functions 
IV. Scaling and limiting 
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V. Output functions 
VI. Error functions 
VII. Learning functions 
5.7 Mathematical modelling of Artificial Neural Network (ANN) 
ANN is a complex network, which consist interconnected basic 
processing units called neurons. The general component of ANN 
can be categorised into ; structure, learning algorithm, and 
activation functions (Obafemi et al. 2019). The multilayer 
perceptron ANN (MLP-ANN) in Figure 1 is used for the prediction of 
HHV of biomass, the mathematical expression is highlighted in 
Figure 2.  
FC
VM
A
HHV
Input Layer
Output Layer
Hidden Layer
 
Fig. 1  Schematic diagram of Multilayer Propagation ANN for HHV 
prediction 
ANNs are trained with data sets to learn the pattern. Once trained, 
new patterns may be presented to them for prediction or 
classification (Kalogirou 2002). ANN behaves like the human brain 
in two ways; the knowledge is attained by the network through a 
learning procedure, and inter-neuron linking strengths known as 
synaptic weights are used to store the knowledge (Haykin 1994; 
Haykin et al. 2009). Irrespective of the nature of the problem which 
need to be solved by ANN, the connection between the neuron 
governs the network architecture, therefore the neuron must be 
carefully selected (Obafemi et al. 2019). 
Consider a single artificial neural network whose neurons has input 
variables X1, X2, X3, ….XN. As shown in Figure 2, the fixed input X0 is 
assigned +1 as the bias input. The inputs are then categorizes based 
on their synaptic weights W1, W2, W3….….WN which estimate their 
significance. Recall that the synapse of the biological neuron is the 
one that interconnects the neural network and determines the 
strength of the connection and they are modelled as weights. In an 
ANN, when the weight is negative, it is an indication that there is an 
inhibitory connection, while positive weight represents excitatory 
connections. 
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Ykφ(.)ξ
Wk0=bk(bias)
 
Fig. 2 Model of a single artificial Neuron 
The entire inputs are modified by weight and then added together. 
The activation function which controls the value of the output are 
discussed in section 5.11 and its values ranges between 0 and 1 or -
1 and 1. The mathematically expression for a neuron is given as; 
 vk = �wkjxjp
j=1
 
Based on this, the output of Yk is determined by the activation 
function vk. Consider a threshold activation function whose value is 
less than 0 provided the summation of the input is less than 
threshold value (v) and 1 provided the input summation is above 
or the same as threshold value. This can be expressed as;  
 
Φ(v) = �0  : v < 01  : v ≥ 0 
5.8 Paradigms of Machine Learning (ML)  
ANN learning is a product of the adjustment of the network criteria 
that are adapted at ANN embedded zone. The alteration process is 
very vital in the categorization of learning algorithms. These 
learning algorithms can give detailed insight into the pattern and 
properties of biomass by taking advantage of their different kinds. 
Learning algorithms are promoted by various learning principles 
such as; Error-correcting rule, Memory-based rule, Q-learning rule, 
Boltzmann rule, Competitive rule, Hebbian rule (Sathya and 
Abraham 2013). Principally, the machine learning paradigm can be 
classified into supervised learning, unsupervised learning and 
reinforcement learning. This is shown in Figure 3 (Haykin 1994; 
Haykin et al. 2009) and briefly discussed below;  
 
 
 
 
 
 
 
 
 
 
 
 
1. Supervised Learning: Presently, supervised learning has been 
the most widely used machine learning method (Crisci et al. 
2012). Supervised learning establishes the trend based on 
known input and output. Literarily, supervised learning model 
assumes that there is a controller who organises the training 
samples into different categories and applies the information 
Fig. 3 Paradigm of Machine Learning 
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on the class association of each training occurrence. The 
objective is to approximate the mapping function such that an 
output can be predicted from the new available input data. 
Supervised learning is an ANN, is efficient and very effective 
in finding solutions to various linear and non-linear problems 
which include biomass classification, plant control,  
forecasting,  heating value prediction (Gillespie et al. 2013; 
Özyuğuran and Yaman 2017; Soponpongpipat et al. 2016; 
Phichai et al. 2013), elemental analysis (Ghugare et al. 2017) 
biomass estimation, modelling of ecological data (Crisci et al. 
2012) bioprocess optimization, heat output of biomass boiler 
etc. (Bayram and Selesnick 2011; Guan et al. 2018; Zhang et 
al. 2018; Zhu 2006; Crisci et al. 2012; Uzun et al. 2017; Tóth 
et al. 2017). As shown in Figure 3, supervised learning 
problems can be further divided into regression and 
classification. Some common cases of supervised machine 
learning algorithms are: Linear regression for regression 
problems (Sendjaja et al. 2015). Random forest for 
classification (Mascaro et al. 2014), Support vector machines 
for classification problems (Pal 2008a; Liu et al. 2016). 
  
2. Unsupervised Learning: It denotes the capacity to learn and 
categorize information even when there is no an error signal to 
estimate the likely solution. As against supervised learning, 
the neural network is expected to find the pattern on its own in 
an unsupervised learning. In this learning instance, there is 
only input data without any corresponding target variable. So, 
the objective of an unsupervised machine learning is to model 
the underlying architecture in such a way to get further 
information about the data. Unsupervised learning can be 
further divided into clustering and association problems. 
Literarily unsupervised learning can be likened to a learning 
process without teacher or correct answer. Although it is 
believed that unsupervised learning lacked direction, this lack 
of direction can be of advantage in some cases since it allows 
the algorithm to establish a patterns that have not been 
formerly considered (Kohonen et al. 1996). Some common 
instances of unsupervised learning algorithms are principal 
component analysis (PCA) (Hess and Hess 2018; Hosseinpour 
et al. 2018), K-means for clustering problems (Ahmad and 
Dey 2007; Prasath et al. 2017; Teknomo 2006) and Apriori 
algorithm for association rule learning problems. K-means 
clustering is a method whereby data are partitioned into sets 
based on the information found in data that defines the objects 
and associations among them, their feature values which can 
be used in many applications (Vora and Oza 2013; Jain et al. 
1999). Further details on K-mean clustering can be obtained 
from (Lattin et al. 2003; Jain et al. 1999; Jain 2010; Azizpour 
et al. 2018).  Apriori algorithm for association rule learning 
problems attempts to operate on database records. It applies 
"bottom-up approach" to incrementally compare complex 
dataset and it is useful in today's complex artificial 
intelligence applications which include the biomass.  The 
Apriori algorithm may be used in concurrence with other 
algorithms to efficiently sort and contrast data to show an 
improved picture of how complex systems reflect patterns and 
trends. It is computationally costly so much that the 
computation time can extend to several days for huge dataset 
(Baker and Prasanna 2005). 
3. Reinforced Learning (RL): Reinforced learning (RL) belongs 
to the field of machine learning which investigate how the 
historical data can be best applied in order to enhance future 
manipulation of a system (Sutton and Barto 1998a). 
Reinforcement learning automatically allow the ANN to 
determine the idea behaviour under a specific condition or 
learning environment. It should be noted that RL, is based on 
trial and error interaction within certain environment. Its 
unique feature lies on the fact that there is no exhibition of 
output or input data sets (Kaelbling et al. 1996; Sutton and 
Barto 1998a). Another difference is that the assessment of the 
system is often synchronised with learning, therefore online 
performance is necessary. There are two principal approaches 
to solving reinforcement-learning problems. The first require 
the searching in the space of behaviours in order to perform 
well under given data conditions. This method has been used 
in genetic algorithms (GA) and genetic programming (GP) as 
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well as some more novel search methods (Schmidhuber 1996). 
The other technique is based on statistical and dynamic 
programming techniques (Schmidhuber 1996). Indeed, given 
this dramatic recent progress in reinforcement learning, a 
tremendous opportunity lies in deploying its data-driven 
systems to the prediction of biomass properties. It should be 
noted that there are still a lot of research that need to be done 
for RL to become mainstream technique in biomass energy 
prediction. Multiple learning ability, Information storage 
capacity, effective data exploration (Van Wesel and Goodloe 
2017; Sutton and Barto 1998b; Strehl et al. 2006), the advent 
of deep reinforced learning is proving decisive to address this 
challenges (Arulkumaran et al. 2017). 
Different ML methods have been explored in biomass related 
models with applications ranging from biomass estimation (Lu et al. 
2012; Jachowski et al. 2013), soil moisture retrieval (Ali et al. 2015), 
forest carbon mapping (Mascaro et al. 2014), key state variable 
prediction for bioprocess (Li and Yuan 2006),density and viscosity of 
biofuel (Saldana et al. 2012) , prediction of syngas composition 
during biomass gasification (Mutlu and Yucel 2018), High Heating 
value (HHV) prediction (Hosseinpour et al. 2018; NAJAFI et al. 2011; 
Uzun et al. 2017; Yildiz et al. 2016; Akkaya 2016), prediction of 
elemental composition (Olatunji et al. 2019b) and so on. Most of 
these researches were based on supervised learning with quite few 
applications of unsupervised learning and reinforced learning, the 
progress in other class of machine learning would infiltrate into the 
prediction of thermal properties and other vital properties of 
biomass. 
5.9 Sources of Noise in Biomass data 
Biomass data acquired from several sources are prone to noises 
due to their heterogeneous properties. Noise can influence the 
model either positively or negatively in terms of error rate, 
precision, computation time and so on. The problems associated 
with learning in noisy environments has been the focus of serious 
attention in ML, so much that most of the inductive learning 
algorithms were designed with noise handling mechanisms (Zhu 
and Wu 2004; Yuan and Wang 2012). Noise handling before 
hypothesis formulation in data processing ensured that the noise 
does not affect the hypothesis construction, therefore data 
cleansing is performed through a logical solution (Gamberger et al. 
2000). Noise should not always be bad, in some instance, deliberate 
introduction of noise to a data set may be very useful. For instance, 
noise can be introduced to a training model in order to smear out 
some data point and remove overfitting (An 1996). Manual 
cleansing of life biomass data is not pragmatic or efficient because 
it very laborious, time-consuming and error-prone. Automation of 
data purging process is the most practical and cost effective way to 
achieve appreciable qualitative dataset (Redman 1998). In an 
attempt to enhance the data quality, several approaches have been 
evolved in data prepossessing (García et al. 2015; Redman 1998; 
Maletic and Marcus 2000)  and to deal with noisy data (García et al. 
2015; Gamberger et al. 2000; Zhu et al. 2003, 2006). The noise 
source in data analytics can be classified into (Wu 1995): attribute 
noise and class noise. The significance and sources of the noise in 
biomass data has been discussed by Obafemi et al. (Obafemi et al. 
2019). Suffice to say that attribute noise in biomass data is due to 
erroneous, missing or incomplete values, while class noise may be 
due to misclassified data or conflicting instances. 
5.10 Peculiarities of activation functions 
Activation function is a decision-making function, which has the 
capability to deliver the output based on input data. It is very 
important in ANN learning since it converts the activation level of 
neurons into an output (Leshno et al. 1993; Karlik and Olgac 2011; 
Zhang et al. 2018). Table 5 show a standard activation functions 
that are often used in ANN. Among other things, activation function 
determines the relevance of the incoming information to the 
neuron under set conditions. In the prediction of biomass 
properties, some authors have applied various activation functions, 
though there are still some others which have not been applied. 
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Table 5:Typical activation function and their properties(Mazhar et 
al. 2013; Sibi et al. 2013) 
Activation 
function 
Graph First 
Derivative  𝐟𝐟′(𝐇𝐇) Output  𝐟𝐟(𝐇𝐇) Span 
Linear  
 
c x × c −∞ < f(x) < ∞ 
Sigmoid 
 
c 1(1 + e(−2cx)) 0 < f(x) < 1 
Sigmoid 
stepwise 
 
Same as 
sigmoid 
Same as sigmoid but less 
precise 
Same as sigmoid 
Sigmoid 
symmetric 
Activation 
 
c1 − f(x)−2 2(1 + e2cx) − 1 -1< f(x) < 1 
Gaussian 
Activation 
function 
 
−2x(f(x))c2 y = e(−x2 × c2) 0 < f(x) < 1 
Gaussian 
symmetry 
 
−2xc2(f(x)+ 1) 2e�−c2x2� − 1           -1< f(x) < 1 
Sigmoid 
symmetry 
stepwise 
 
Same as 
sigmoid 
stepwise 
Piecewise linear 
approximation of tanh 
sigmoid function. Faster 
than symmetry but less 
precise. 
          -1< f(x) < 1 
Elliot 
 
c2[1 + abs(x2c2)  y = cx2(1 + abs(x + c)+ 0.5 0 < f(x) < 1 
Saturating 
linear 
 
c cx                           0< f(x) <1 
 
 5.11 Classification of ANN 
Table 6 briefly describes various types of ANN with their 
characteristics. Also, their application related to biomass heating 
value prediction are referenced.  
Table 6: Classes of ANNs 
Networks Characteristics Reference  
example 
Kohonen Multilayered, nonrecurrent, 
unsupervised 
 
Hopfield Nonmultilayered, recurrent, 
supervised 
 
Radial Basis  
function(RBF) 
It can be applied to a supervised 
learning problem 
(Gong et al. 
2017) 
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5.12 Training algorithm 
ANN has been classified and implemented on the basis of 
mathematical operation and the set of parameters require to 
generate the output (Sewsynker et al. 2015; Obafemi et al. 2019). 
Table 7 present different kinds of training algorithms, some of 
which have been used in biomass heating value prediction and for 
some other purposes. 
 
Table 7: Training algorithm methods 
Generalized 
Regression 
Networks 
RBF for function approximation 
can be varied 
 
(Tosun et al. 
2016) 
Boltzmann 
machine 
It makes a stochastic decision 
about whether to be on or off 
No known used 
Feedforward  
backpropagation 
Supervised, multilayer, 
nonrecurrent 
(Abu Qdais et 
al. 2010; 
Ghugare and 
Tambe 2017; 
Gueguim Kana 
et al. 2012; 
Jacob and 
Banerjee 2016; 
Nath and Das 
2011) 
   
Training Algorithm Characteristics 
Qasi -Newton method (Setiono and 
Hui 1995) 
It builds up an approximation to the inverse 
Hessian at every iteration, which is computed 
using the information on the first derivatives of 
the loss function. 
 5.13 Some common terms in ANN 
1. Algorithms: These are set of rules given to Neural Network 
(NN) in order to ensure that it can learn independently. It may 
be in the form of expressions or programming commands which 
allows NN to solve a problem intelligently. The algorithms may 
be developed for data clustering, classification, 
recommendation or regression. 
Gradient descent method(Huang et 
al. 2004) 
Not path driven but population driven. 
High iteration time. Likely to be trapped in local 
minima. 
Newton’s Method(Hagan and 
Menhaj 1994; Ghobadian et al. 
2009) 
Quite expensive in term of computation. Better 
training direction with second derivative of loss 
function  
Scaled Conjugate gradient(Karatas 
and Sahingoz 2018; Møller 1993) 
Faster convergence than steepest descent. 
Levenberg-Marquardt (Hagan and 
Menhaj 1994) 
Can calculate gradient and Jacobian matrix 
Efficient for small and medium size data 
High convergence speed 
Not able to avoid local minimum 
 
Modified Levenberg-Marquart 
method(Suratgar et al. 2005) 
Good convergence. Reduced amount of 
oscillation in learning. Decreased learning 
iteration.  
Levenberg Marquardt trained with 
cuckoo search(Nawi et al. 2013). 
Fast and improved convergence. 
Useful for noisy data 
Reduces error and can avoid local minima 
Genetic Algorithm for RBF(Maillard 
and Gueriot 1997) 
It can be modified for implementation 
incorporate mutation operator 
 
Resilient back propagation(Günther 
and Fritsch 2010) 
Best accuracy compared to Levenberg Marquardt 
and conjugate gradient(Kişi and Uncuoğlu 2005). 
Hybrid Learning(Least square and 
Gradient descent)(Jang 1993) 
Combines gradient rule and least squares 
estimate. 
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2. Classification: This can be defined as an arrangement of data 
according to their observed similarities or proximity. The 
algorithm allows the NN to allot a class to a data point based on 
model generated from training. 
3. Clustering: Clustering is a classification method used to classify 
groups of similar objects in a multivariate data sets gathered 
from fields, because similarity of objects within a cluster plays 
a significant role. The objective of a good clustering technique 
is to provide optimal similarity among its objects. This 
similarity may be determined by the distance among the dataset 
(Saxena et al. 2017). Many clustering methods use distance 
functions to determine the resemblance or otherwise between 
couple of objects (Rokach and Maimon 2005). Generally,data 
clustering can be sectioned into Hierarchical and Partitional 
(Fraley and Raftery 1998). 
4. Training data: These are data which are applied to estimate 
model parameters or showing instances in data distribution such 
that the resulting model is able to reasonable generalize the 
behaviour of the data when supplied with new sets which have 
not been previously used. Training generally aims to reach 
convergence of a metric, such as accuracy or a cost function, to 
a stable value as the algorithm sees more data. If the algorithm 
converges, that indicates that showing the agent more data does 
not improve the performance any longer.  
5. Testing data: In some cases, it can also be referred to as 
validation data. These data can be used to get an independent 
assessment of the model efficacy. This data should be clearly 
demarcated and not be used during model training. 
6. Hidden Layer: It is the intermediate layer where Artificial 
Neurons take on a weight input to produce an output through an 
activation function output layer. The hidden layer is the engine 
room of ANN since it contains the transfer functions, weight, 
bias, and training functions.  
7. Output Layer: The output layer in an Artificial Neural Network 
is the last layer of neurons that produces given outputs for the 
program. 
8. Overfitting: This is one of the major problems which may be 
observed during NN training. Overfitting occurs due to the 
inability of the training data and assumption to reach 
generalization level. This means the algorithms perform well 
such that the error is driven to the lowest level, but it performs 
poorly when a new dataset is presented to it (Domingos 2012). 
Overfitting maybe aggravated or reduced by the presence of 
noise (You et al. 2018; Srivastava et al. 2014), like the noise 
which are present in biomass feedstock of municipal waste 
origin. 
9. Underfitting: It is an attribute of a model which can neither 
model the training data nor generalize with the new dataset 
presented to it. Regularization methods can be used to rectify 
overfitting and underfitting through the optimization of the 
number of hidden layer and the training time.  
10. Generalization: The goal of training a ML algorithm is to be 
able to generalize a hypothesis based on the examples presented 
to it. Remembering the training data is not hard, but the 
algorithm should be able to apply learned knowledge to 
previously unseen data. To do this generalization, data alone is 
not enough [12]. Without any assumptions outside of the 
training data, it is impossible to train a learner that performs 
better than random guessing. 
11. Assumption: When designing a system or requirements for a 
system, different assumptions are made either explicitly or 
implicitly. A violation of these underlying assumptions could 
potentially invalidate any analysis and verification done. To 
prevent unexpected violations, the assumption made during the 
model development must be clearly stated. 
12. Normalization: In data analytics, normalization is done to 
improve the coherence of the data entites. The objective of data 
normalization is to reduce and even get rid of data redundancy 
since this is the main consideration for application developer. 
The opposite of data normalization is Un-normalization, at this 
stage the data is returned to its original form for data analysis 
and reportage.  
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5.14 Data Division methods for ANN modelling 
Most of the ANN-based modelling for biomass usually base their 
data division on random selection with no defined criteria. Perhaps, 
this is so due to its simplicity (Kocjančič and Zupan 2000). Optimal 
division of data into a training dataset, validation set, and an 
independent test subset is a vital procedure in ANN modelling for 
complex data analysis. Different authors have proven that data 
division can have a significant impact on ANN performance(Bowden 
et al. 2003; Maier et al. 2010). Usually, an ANN model can only 
interpolate data that fall within the range of dataset used for 
training. So, if the testing data set does not sufficiently fall with the 
range of training data set, poor prediction model may have been 
developed (Flood and Kartam 1994). Also, data division is important 
in the case of an expensive experimental procedure, since much 
data may not be obtained to minimize the cost. The following data 
division methods have been identified; 
 
I. Random selection (Rajer-Kanduč et al. 2003; Kocjančič and 
Zupan 2000) 
II. Korhonen self-organising map (SOM) (Bowden et al. 2003; 
Rajer-Kanduč et al. 2003) 
III. D optima design (Atkinson 1995) 
IV. Genetic Algorithms (Bowden et al. 2003) 
V. Kennard-stone algorithm (Galvao et al. 2005; Kennard and 
Stone 1969; Kocjančič and Zupan 2000; Saptoro et al. 2008) 
VI. Modified Kennard stone Algorithm (Saptoro et al. 2012) 
 
From Table 8, trial and error method is often applied in biomass 
data division for the training and testing of ANN models. This 
division method is without any underlining principles which may 
somewhat be of disadvantages as the data division has been shown 
to have a significant influence on the accuracy of a model. An 
intelligent data division method should be formulated to further 
enhance the versatility of the ANN model. 
 
Table 8: Reported Dataset division and division methods for ANN 
 
5.15 Sensitivity Analysis (SA) 
Sensitivity Analysis, SA which is also known as what-if analysis,  
Data 
division 
method 
Training set 
% 
Test set 
% 
Validation set 
% 
Total 
data 
size 
Reference 
Random 
method 
60 20 20 55 (Giwa et al. 
2015) 
Random 
method 
60 20 20 Not 
stated 
(Abidoye 
and Mahdi 
2014) 
Not stated Not stated Not 
stated 
Not stated 350 (Estiati et 
al. 2016) 
 50 25 25 444 (Akkaya 
2016) 
Not stated 75 25 The same 
dataset  
As testing 
100 (Gong et al. 
2017) 
Not stated 70 15 15 350 (Hosseinpo
ur et al. 
2017) 
Trial and 
error 
 Not 
stated 
Not stated Not 
stated 
(Chen et al. 
2017) 
Trial and 
error 
70 15 15 250 (Ozveren 
2017) 
Not stated 67 33 Used the 
same data  
set for 
testing 
131 (Uzun et al. 
2017) 
Not stated 70 15 15 350 (Hosseinpo
ur et al. 
2018) 
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is a method which can be deployed to determine the comparative 
significance of input parameters and how it affect certain output 
under a given set of assumptions. The significance of sensitivity 
analysis has been well documented ever since the beginning of 
scientific investigation and addressed in mathematical solutions 
(Fiacco 1983). SA has been applied in Decision-making process, 
verification of the robustness of a solution, identify the critical 
parameter in a process  modelling or design, Identify sensitive or 
import variables investigate sub-optimal solution, comparative 
analysis of solutions risk assessment of a strategy, error verification, 
model calibration and simplification (Pannell 1997)  and so on.  
5.15.1 Methods for sensitivity analysis 
Several approaches have been adopted to measure the sensitivity, 
these includes; 
I. Net weight matrix (Garson 1991),  
II. Backward stepwise (Shojaeefard et al. 2013),  
III. Partial derivation method,  
IV. Perturbation method,  
V. The profile method (Bai et al. 2011).  
 
Also, the advantages and disadvantages of each sensitivity analysis 
method are discussed in Table 9. 
 
Table 9: Advantages and disadvantages of SA methods 
Sensitivity Analysis 
method 
Advantages Disadvantages 
Net weight matrix 
(Garson 1991), 
 
It is very easy to 
implement 
Not effective in 
calculating 
comparative impact 
of input variables on 
the outputs 
Stepwise It allows a 
stepwise study of 
the influence of 
each input 
variables 
It is not very 
suitable for ANN 
models 
Better 
understanding of 
model behaviour 
Partial derivation 
method (Hamby 
1994) 
Computationally 
efficient 
Complex and 
intensive equation 
solving approach 
which makes the 
implementation 
impractical 
Only valid for 
small change in the 
value of parameters 
More demanding 
to implement 
compared to other 
techniques 
Perturbation 
method (Bai et al. 
2011) 
It is widely used Subjective scope 
in noise addition 
Inconsistence and 
non-uniform 
definition of cost 
function 
The profile 
method (Bai et al. 
2011) 
This method is 
stable irrespective 
of the scale 
Not as coherent 
as Partial derivative 
method in 
computation 
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In order to underline the significance of SA in biomass exploration, 
the optimal design and global what-if analysis of biomass supply 
chain network for biofuel was conducted under uncertainty 
conditions using Monte Carlo simulation (Kim et al. 2011). Also, a 
detailed SA was performed on the fixed bed downdraft biomass 
gasification model. The essence was to analyse the effect of heat 
transfer mechanism and the rate of reaction on the progression of 
the reaction front along the bed at the main reaction phases (Pérez 
et al. 2015). In overall, Partial Derivation method is the most 
applied in ANN partly due to its ability to compute the effect of the 
input on the output value. 
5.16   Loss functions in ANN 
The knowledge of the past result is vital for accurate learning. The 
loss function is used to evaluate the consistency between the 
predicted value and actual value (Janocha and Czarnecki 2017). The 
robustness of the model is improved as the value of the loss 
function decreases. The idea is to run the data points forward 
through the network and then notice the change in output. The 
parameter is changed based on the derivatives of the network. 
Moreover, the process is repeated until the lowest possible error is 
attained in such a way that the overfitting is avoided (Janocha and 
Czarnecki 2017). Different loss functions will give varying errors for 
the same prediction; therefore, it can be concluded that loss 
function has a weighty consequence on the behaviour of a model. It 
should be noted that there is no one size fit all loss function for 
algorithms in ANN (Hastie et al. 2009). Broadly speaking, loss 
functions can be categorised into two major classes based on the 
learning task we are solving. These are Regression losses and 
Classification losses. 
The following loss functions have been identified (Janocha and 
Czarnecki 2017; Hastie et al. 2009); 
I. Mean Squared Error (MSE) 
II. Mean Squared Logarithmic error (MSLE) 
III. Mean Absolute Deviation (MAD) 
IV. Mean Absolute Percentage Error (MAPE) 
V. Mean Bias Error (MBE) 
VI. Kullback Leibler (KL) Divergence 
VII. Cross-entropy 
VIII. Poisson 
IX. Cosine proximity 
X. Max-margin  
XI. Square hinge loss 
5.17 Stages in ANN modelling 
The stages in ANN model development can be illustrated with 
Figure 4; 
 
Fig. 4 Stages in ANN model development 
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I. Preliminary development of models involves data collection, 
normalization of data, data division into training and testing set. 
However, data division may also fall under actual model 
development in a case where the software is designed to 
randomly divide the data. 
II. Actual Model Development-At this stage network is been 
created after initialization, the structure which is expected to be 
most suitable for the data type is selected, while the training and 
testing is carried out and loss functions are calculated to 
determine the accuracy of the model developed. 
III. Post-modeling-The data is un-normalized by returning it to the 
initial state before normalization, then the network can be 
saved, following a successful analysis, a Graphical User 
Interface (GUI) may be developed in a case where the model is 
designed for specific application or prediction. 
5.18 Application of Evolutional algorithm for biomass 
properties prediction 
Historically, the design of Evolutionary Algorithms was promoted by 
natural observation of biological evolution. EA belong to the set of 
memetic heuristic-based method. Metaheuristic algorithm is 
governed by the concept of population (Eiben and Smith 2003; Al-
Salami 2009). The EA can be subdivided into; Evolutionary 
strategies, Genetic Algorithms (GA), Genetic programming (GP) and 
Evolutionary programming (EP) (Vikhar 2016). GA is an evolutionary 
algorithm based on principles of genetics and natural selection 
applied to find optimal or near-optimal solutions to difficult 
problems that would otherwise take so long time to solve. The 
steps involved in solving EA problem has been discussed (Eiben and 
Smith 2003; Vikhar 2016). Multi-criteria EA (MCEAs) and memetic 
algorithms (ME) are also very common within some scope of 
applications which have been discussed by Marti (Martí et al. 2018). 
In order to express a particular EA, the representation, Evaluation 
function, population, parent selection mechanism, operator 
variation, and replacement must be specified (Coello et al. 2007). 
Genetic algorithms and its hybridized schemes have been applied in 
the prediction of thermal properties of biomass (Jang 1993; Akkaya 
2016; Suleymani and Bemani 2018). 
5.19 A survey of some reported HHV based on Artificial 
Intelligence 
The HHV of biomass has been predicted based on different types of 
ANN, activation functions using different input and output 
variables. As shown in Table 10, it is observed that Levenberg-
Marquardt, LM has gained much application in HHV prediction, but 
there are other training algorithms, which has been tested. Also, 
the need to handle noises and outliers which may either make or 
mar the model performance should be kept in view (Olatunji et al. 
2019b). Different techniques have been employed to estimate the 
optimum number of hidden layers. However, they are mostly 
tedious, with many of uncertainties. Standard methods for the 
selection of hidden layers should be investigated to optimize the 
prediction process. By and large, detail information about model 
development should be encouraged in other to foster clear 
understanding of the heating value (HV) of LCB. 
Table 10: ANN based HV models (Obafemi et al. 2019) 
Input 
variables 
Outp
ut 
varia
bles 
Type 
of 
ANN 
R2 ANN 
Archite
cture 
Activation  
functions 
Ref 
Fatty acid 
feedstock 
HV LM 
backp
ropag
ation 
0.997 
 
5-2-4 Linear and  
sigmoid 
symmetry 
(Giwa et al. 
2015) 
%C, %H, 
%O, %N, 
%S on the 
dry basis 
HHV LM 
backp
ropag
ation 
0.9231 5-4-1 Linear and  
sigmoid 
symmetry 
(Abidoye 
and Mahdi 
2014) 
FC, VM, 
MC, A 
HHV LM 0.9852 3-7-1 Sigmoid 
symmetric 
(Estiati et 
al. 2016) 
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FC, VM, 
MC, A 
HHV LM 0.9591 1-23-1-
1 
1-21-1-
1 
1-25-1-
1 
Hyperbolic
 tangent 
sigmoid 
and linear 
(Hosseinpo
ur et al. 
2017) 
Heating 
rate, 
blending 
ratio and 
mass loss 
(%) 
Gros
s 
heat
ing 
valu
e 
(GH
V) 
LM 
backp
ropag
ation 
0.9959 3-3-19-
1 
Not stated (Ozveren 
2017) 
C, H2O, O, 
H, N, S, 
Ash  
HHV Radial 
basis 
functi
on 
combi
ned 
with 
LM 
0.997  Radial 
basis 
function 
(Gong et al. 
2017) 
FC, VM, 
Ash 
GHV LM 
backp
ropag
ation 
0.9478 3-12-1 Sigmoid (Akkaya 
2016) 
FC, Ash, 
MC 
HHV Linear 0.963 
and 
0.962 
3-3-1 
3-20-1 
Sigmoid 
and 
Sigmoid 
symmetry 
(Hosseinpo
ur et al. 
2018) 
 
5.20 Case studies on the application of AI for properties of 
biomass. 
5.20.1 Case Study 1- Improved prediction of HHV of biomass 
using an ANN model based on proximate analysis. 
This study was conducted by Uzun et al.(Uzun et al. 2017). Several 
sigmoid architectures were constructed to determine the HHV of 
biomass feedstock based on their proximate values and to 
determine the optimal model. Data were collected from the 
literature for different classes of biomass. In order to execute the 
model, the proximate analysis dataset was divided such that 67% 
was used for training and 33% for testing. The sigmoid transfer 
function, which was applied at the hidden layer while linear 
transfer function was used at the output layer. This modelling was 
implemented on MATLAB 2015 software. The network architecture 
and performance metrics is as presented in Table 11. The minimum 
error was reported for network ANN24 with tangent sigmoid 
transfer function and 3-20-1 architecture. 
 
Table 11: Network Architecture and Performance metrics 
Model Hidden 
Layer 
Network  RMSE MAD MBE R2 
ANN-24 Tangent 
Sigmoid 
3-20-1  0.375 0.328 0.01 0.963 
ANN-8 Logistic 
sigmoid 
7-1  0.392 0.344 0.016 0.962 
ANN-38 Logistic 
sigmoid 
5-20-1  0.439 0.369 0.064 0.958 
ANN-25 Logistic 
sigmoid 
3-25-1  0.413 0.352 0.054 0.953 
ANN-6 Logistic 
sigmoid 
5-1  0.419 0.347 0.003 0.953 
ANN-16 Logistic 
sigmoid 
3-5-1  0.416 0.353 0.041 0.952 
ANN-36 Logistic 
sigmoid 
5-15-1  0.451 0.367 0.075 0.950 
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ANN-5 Tangent 
Sigmoid 
5-1  0.454 0.382 0.015 0.944 
ANN-14 Tangent 
Sigmoid 
3-3-1  0.471 0.413 0.025 0.939 
ANN-27 Tangent 
Sigmoid 
3-30-1  0.484 0.411 0.041 0.938 
ANN-43 Tangent 
Sigmoid 
7-7-1  0.479 0.411 0.046 0.936 
ANN-45 Tangent 
Sigmoid 
7-10-1  0.413 0.159 0.065 0.749 
ANN-23 Tangent 
Sigmoid 
3-20-1  0.419 0.201 0.037 0.636 
ANN-42 Logistic 
sigmoid 
5-30-1  0.47 0.264 0.069 0.466 
 
5.20.2 Case Study 2- Application of ANFIS-PSO algorithm as a 
novel method for prediction of HHV of biomass. 
This study which is purely computational was carried out by 
Suleymani et al. (Suleymani and Bemani 2018) using 350 
experimental data harvested from several literatures. Data was 
divided in 4:1 for training and testing of the model respectively 
(Nhuchhen and Abdul Salam 2012; Parikh et al. 2005). In this 
investigation, Particle Swarm Optimization (PSO) was hybridized 
with Adaptive Neuro-Fuzzy Inference System (ANFIS). The statistical 
indices, which shows the prediction errors, is as presented in Table 
12. 
Table 12: Evaluation criteria of ANFIS-PSO algorithm. 
 
Training Testing Overall 
RMSE 1.171 1.228 1.179 
MAD 5.179 5.767 5.266 
R2 0.911 0.886 0.908 
 
The PSO was utilized for optimization of ANFIS and for 
augmentation of the precision of the predicting model. The 
outcome disclosed that the proposed algorithm is applicable in the 
estimation of HHV with great accuracy. However, the author did 
not highlight some vital statistical parameter such as MAPE and 
accuracy ratio, AR which could determine the coverage of the 
model. 
5.21 Conclusion 
Application of intelligent methods for the computation of LCB 
properties promises to enhance the value addition process. ANN 
models and other intelligent optimisation methods has been 
reported. Different rules have been proposed to estimate the 
optimum number of the hidden nodes. However, they are mostly 
tedious, with much uncertainty. Standard methods for the selection 
of hidden layers should be investigated to fast track the prediction 
process. Further research should lead to the development of a 
robust standalone and open access software, which can be used to 
predict the main properties of LCB. 
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4.3. Conclusion 
This chapter discussed the application of biomass and the prediction of thermal properties of 
biomass using intelligent algorithms. The book highlights the importance of intelligent algorithms 
in the prediction of biomass properties. The state of art was reported while scope of further research 
was proposed. 
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CHAPTER FIVE 
Conclusions and Recommendations 
4.0. Conclusion 
Consequent upon the global awareness about the deleterious consequences of unabated 
consumption of fossil fuel, a new paradigm which combines the creation, development, and 
revitalisation of the economy based on equilibrium use of bioresources has emerged. To exploit the 
maximum potential of bioresources, a thorough understanding of its inherent potential is required. 
Research into the use of biomass for energy generation requires both proximate and ultimate 
analysis. The experimental procedure for ultimate analysis and heating value determination of 
biomass, however, requires equipment that is highly sophisticated, expensive and requires a stable 
supply of electricity. On the contrary, it is easy to carry out proximate analysis and requires only a 
furnace. In Africa, the budget for education and the priority constraint limits what can be committed 
to single equipment for research. Yet, there is abundant availability of biomass, but the continent is 
still without sufficient electricity. Moreover, sustainable bioenergy is a focus of both scientific 
research and industrial development.  The ability to accurately predict the higher heating value and 
elemental composition of biomasses from the understanding of proximate analysis alone could help 
transform the way we select biomass feedstocks, and their mix, for green fuel applications.  
Therefore, the overall objective presented in this research is to classify biomass feedstock, predict 
the HHV and elemental composition based on proximate analysis using AI approach. Also, the 
physicochemical properties and kinetic behaviour of some biomass feedstocks which are available 
in Africa were investigated, while optimal prediction model based on hybrid algorithms and 
Artificial neural network (ANN) were proposed. Based on the experimental and model results 
obtained from various analysis presented in this thesis, the following most significant conclusions 
were drawn: 
There is a need to determine the class to which a feedstock belong, a k-NN based classification 
model was developed using various self-normalizing distance metrics. The optimal model 
performance was obtained from the Mahalanobis distance metric. However, RUSBoost model was 
more sensitive to class imbalances and small data.  
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Optimal model for the prediction of elemental composition of biomass was obtained based on 
hybrid Particle Swarm Optimisation (PSO) algorithms. Utmostly, the models developed were found 
to be useful in the decision-making process related to bioresources exploration for bioenergy 
generation. 
The experimental results showed that the geospatial location from where the biomass is sourced as 
well as the particle size have an impact on the energetic properties as well as thermodynamic 
behaviour of the biomass. Although, the extent to which this disparity is pronounced may depend 
on some other parameters such as the presence of contaminant, age of the plant, pre-treatment 
methods and so on. 
4.1. Future work 
From the results presented in this report, the following recommendation and the direction for future 
research for the advancement of knowledge are proposed as follow: 
 Development of multi-fuel or mixed fuel technologies which can allow biomass from 
difference sources to be applied to the same conversion technologies. This will possibly 
address a situation whereby biomass residue become scarce or are subjected to market cycle 
which may impact negatively on bioenergy production.  
 Development of unsupervised multistage model with self-learning capability. This can be 
developed for the prediction of various energetic properties. 
 Further research in bioenergy can take advantage of the recent advancement in Quantum 
computing, which is integrating Artificial intelligence into quantum algorithms.  This 
innovation can further optimize and improve the time efficiency of various prediction 
models. 
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Appendix 1: Scanning Electron Microscope (SEM) 
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Appendix 2: Inner view of Scanning Electron Microscope (SEM) 
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APPENDIX 3: (A) Electric weigh balance, (B) Stacked sieve, (C) Fourier Transform 
Infrared Spectroscopy (FTIR) 
      
A. Electric weigh balance     B. Stacked Sieves 
 
 
C. Fourier Transform Infrared Spectroscopy (FTIR) 
65 
 
APPENDIX 4: (A) Furnace, (B) BET (Micromeritics ASAP2460), (C) CAL2K Eco 
Calorimeter 
        
A. Furnace       B. BET (Micromeritics ASAP2460) 
 
 
C. Cal2k Eco calorimeter set up for measuring heating value 
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APPENDIX 5: (A) Vibratory Disc Milling Machine, (B) Desiccator with crucibles 
          
A. Vibratory disc milling machine      B. Desiccator with crucibles 
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APPENDIX 6: (A) Biomass samples for SEM analysis (B) STA 7200RV TG analyser 
 
A. Biomass samples for SEM analysis 
 
 
(B) STA 7200RV TG Analyser 
